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ABSTRACT

This paper considers a contextual bandit problem involving multiple agents, where
a learner sequentially observes the contexts and the agents’ reported arms, and
then selects the arm that maximizes the system’s overall reward. Existing work in
contextual bandits assumes that agents always truthfully report their arms, which
is unrealistic in many real-life applications. For instance, consider an online
platform with multiple sellers; some sellers may misrepresent product features to
gain an advantage, such as having the platform preferentially recommend their
products to its users. To address this challenge, we propose an algorithm, COBRA,
for contextual bandit problems involving strategic agents that disincentivize their
strategic behavior without using any monetary incentives, while having incentive
compatibility and a sub-linear regret guarantee. Experimental results also validate
our theoretical results and the different performance aspects of COBRA.

1 INTRODUCTION

Contextual bandit (Slivkins, 2019; Lattimore & Szepesvari, 2020) is a sequential decision-making
framework in which a learner selects an arm for a given context to maximize its total reward. Unlike
traditional multi-armed bandits (Auer et al., 2002; Garivier & Cappé, 2011; Agrawal & Goyal,
2012), contextual bandit algorithms (Chu et al., 2011; Krause & Ong, 2011; Valko et al., 2013; Zhou
et al., 2020) use additional information, such as user profile, location, and purchase history, to make
more informed and personalized decisions (Li et al., 2010). Contextual bandits have many real-life
applications in personalized decision-making. Prominent examples include online recommendation
systems (Slivkins, 2019), online advertising (Lattimore & Szepesvari, 2020), and clinical trials (Chow
& Chang, 2006; Aziz et al., 2021), where the best recommendation depends on the context.
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Figure 1: Example of a contextual bandit problem with strategic agents: Consider an online platform
recommending service providers (agents) to users (context) who arrive sequentially. Since service
providers can misreport their private information to receive favorable recommendations, the platform
must implement a mechanism incentivizing truthful reporting. With accurate private information, the
platform can recommend the best service provider, thereby improving the overall user experience.
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Many real-life applications of contextual bandits involve multiple strategic agents, from which the
learner must select one to recommend based on the given context. As illustrated in Fig. 1, consider
an online platform with multiple service providers (agents), where the platform must recommend
one provider to a user (context). In such settings, service providers can strategically misreport their
information to influence the platform’s decisions and increase their utilities by increasing their chances
of being recommended (Resnick & Sami, 2007; Zhang et al., 2019). For example, an online food
delivery platform wants to maximize the overall user experience by selecting and presenting the
best restaurant options when a user searches for a specific type of food. Since users tend to order
from restaurants listed at the top of search results (Malaga, 2008), restaurants are incentivized to
misrepresent their menu offerings to appear more prominently for specific food categories. This
misreporting creates a significant challenge: If users consistently encounter misleading restaurant
listings that fail to align with their true preferences, their experience with the platform will worsen; in
the worst case, they may switch to competing platforms.

Similar examples also include personalized pricing, where agents manipulate features to influence
service prices (Liu et al., 2024); algorithmic trading, where arms correspond to trading strategies, and
rewards depend on evolving market conditions influenced by external factors such as Twitter feeds,
secondary market behavior, and local trends, which can be misreported (Zeng et al., 2024a); and firms
allocating budget-constrained computing resources to self-interested research teams, where teams
may strategically misreport their computational needs to secure larger allocations, particularly during
periods of heightened demand such as conference deadlines (Zeng et al., 2024b).

These real-life applications highlight the importance of designing contextual bandit algorithms that
discourage strategic misreporting by agents. However, most existing contextual bandit algorithms
overlook the strategic behavior of agents, which can result in suboptimal agent selection. We bridge
this gap by designing a contextual bandit algorithm that accounts for potential misreporting and
ensures that reporting arm features truthfully is the best (dominant) strategy for agents. Specifically,
this paper answers the following question: How fo design an efficient incentive-compatible contextual
bandit algorithm for settings where strategic agents may misreport their true features?

To address this question, we propose a contextual bandit algorithm, COBRA, that discourages strategic
misreporting without relying on any monetary incentives, while having incentive compatibility and
sub-linear regret guarantees under some assumptions. Designing incentive-compatible contextual
bandit algorithms presents the following key challenges, which we address using novel techniques.

@ Detecting strategic misreporting. Existing contextual bandit algorithms (Slivkins, 2019;
Lattimore & Szepesvari, 2020) typically assume that agents truthfully report the features of their arms,
which may not hold in many practical applications to gain an advantage. Thus, a key challenge is to
reliably identify whether an agent is strategically misreporting arm features to manipulate outcomes.
To overcome this challenge, we introduce a novel method, the Leave-One-Out-based Mechanism
(LOOM) for identifying misreporting agents, which draws inspiration from the Vickrey-Clarke-Groves
(VCG) mechanism (Vickrey, 1961; Clarke, 1971; Groves, 1973) and uses the reported arm features of
other agents to identify the misreporting agent.

(2) Arm-selection under strategic misreporting. Strategic misreporting of arm features introduces
bias into the reward estimator, breaking the theoretical guarantees of existing contextual bandit
algorithm (Kleine Buening et al., 2024). To address this bias in the reward estimator, we first
introduce the notion of an LOOM-compatible contextual bandit algorithm. An LOOM-compatible
contextual bandit algorithm (e.g., algorithms based on upper confidence bound (Abbasi-Yadkori et al.,
2011; Chowdhury & Gopalan, 2017)) can integrate LOOM as a post-processing step after each
round to identify the misreporting agent. This integration ensures the performance of the underlying
LOOM-compatible contextual bandit algorithm under truthful reporting, while adaptively correcting
for bias once LOOM detects a strategic agent.

@ Bounding regret due to strategic misreporting. The arm-selection strategy relies on a reward
estimator that may be biased by using strategically misreported arm features. This bias can lead to
the selection of suboptimal arms, resulting in additional loss from not choosing the optimal arms
(i.e., increased regret). To quantify this additional regret, we derive high-probability bounds on
the estimation error of LOOM’s reward estimators and use them to characterize the regret of the
underlying contextual bandit algorithm when combined with LOOM.
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Building on the challenges outlined above and the novel methods we use to tackle them, we summarize

the key contributions of this paper as follows:

* Incentive-compatible mechanism. In Section 3, we introduce LOOM, a novel mechanism for
contextual bandits with strategic agents inspired by the VCG framework. Unlike VCG, LOOM
discourages strategic misreporting without monetary incentives, and we show that truthful agents
are, with high probability, not misidentified as a misreporting agent (see Theorem 1).

* Incentive-compatible contextual bandit algorithm. We propose COBRA in Section 4 that uses
LOOM to disincentivize agents from misreporting. We prove that COBRA achieves O(d+/T)-NE
(i.e., truthfulness leads to an approximate Nash equilibrium) and regret O(dv/T) when agents
report truthfully (see Theorem 2 for linear and Theorem 3 for non-linear reward function). Under
some assumptions, we prove that COBRA has regret at most O(d\/f + v NT) under every Nash
equilibrium (see Theorem 4 for linear and Theorem 5 for non-linear reward function), where N is
the number of agents, d is the dimension of the context vector, and 7" is the number of rounds.

* Empirical results. In Section 5, our experimental results on synthetic instances with strategic
agents corroborate our theoretical results and validate the different performance aspects of COBRA.

1.1 RELATED WORK

This section focuses on the most relevant work to our setting, i.e., strategic multi-armed and contextual
bandits. We discuss related topics, such as contextual bandits and strategic learning, in Section A.

Strategic multi-armed bandits. To the best of our knowledge, Braverman et al. (2019) first
studied a strategic variant of the multi-armed bandit problem, considering a scenario in which the
selected arm shares a fraction of its reward with the learner. Within this setting, they designed an
incentive-compatible mechanism. More recently, Yahmed et al. (2024) further built upon Braverman
et al. (2019), proposing an algorithm that rewards arms based on their reported values. Their algorithm
also enjoys desirable properties such as incentive compatibility and sub-linear regret. Additionally,
Yin et al. (2022) studied an online allocation problem that maximizes social welfare under fairness
constraints in a strategic setting. They assume that valuations are unknown to the algorithm but follow
an independent and identical distribution (IID). Their results show that when agents truthfully reveal
their information, the mechanism maximizes social welfare while also achieving a sub-linear regret
guarantee compared to the offline optimal policy. Our mechanism design follows a similar spirit but
is applied to a different problem setting. Moreover, Feng et al. (2020) and Dong et al. (2022) explore
the robustness of bandit learning against strategic manipulation, assuming a bounded manipulation
budget. Esmaeili et al. (2023); Shin et al. (2022) investigate multi-armed bandits with replicas, where
strategic agents can submit multiple copies of the same arm. Kleine Buening et al. (2023) integrate
multi-armed bandits with mechanism design for online recommendations.

Strategic contextual bandits. Our work is closely related to Kleine Buening et al. (2024), which
considers the strategic agents in a linear contextual bandit framework. Their method uses past
allocation history to design agent-specific estimators that detect misreports with high probability,
which may not be practical, particularly when the true reward function is unknown, and there is
no external baseline for comparison. In contrast, our method is inspired by the VCG mechanism
(Vickrey, 1961; Clarke, 1971; Groves, 1973), using the reported arm features of other agents to
identify misreports and supports non-linear reward function. Recent work by Hu & Duan (2025)
introduce a Bayesian contextual linear bandit framework in a similar spirit, with non-repeated agent
interactions, employing a linear programming-based approach to design an incentive-compatible
mechanism. However, our work significantly differs due to repeated interactions in contextual bandits.

2 CoONTEXTUAL BANDITS WITH STRATEGIC AGENTS

Contextual bandits. This paper studies a contextual bandit problem with strategic agents who
aim to maximize their utility (i.e., number of pulls) by strategically misreporting their arm’s feature
to the learner, while the learner’s goal is to select the agent for a given context that maximizes the
total reward. Our problem setting differs from standard contextual bandits as the arm features can be
strategically manipulated by the agents to maximize their own utility. Let C be the set of all contexts
and A be the set of all arms of all agents. Let NV be the set of all agents and N; < |N| denote the
number of active agents at time ¢. For brevity, we use X C R? to denote the set of all context-arm
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feature vectors, and z; , = (¢, a) € X to represent the feature vector associated for context ¢; and

arma € A, where ¢ : C x A — X is a feature map and assume that ||x||§ < L,Vzr e X,ie,the
context space is bounded. At the start of round ¢, the environment generates a context ¢; € C and each

agentn € N; C N reports arm features, denoted by a§") € A; C A, where N\, is the set of active

agents in round ¢ and A; = {agn) tnen,. The learner then selects an arm a; € A; to recommend
and observes a stochastic reward, denoted by y; = f(2¢,4,) + €1, where yy € R, f: X — Ris an
unknown reward function, and &, is a zero-mean R-sub-Gaussian noise. We further assume that the
function is bounded i.e., | f(z,4,)| < B, for some B < co. For simplicity, we assume that the agent
only reports one arm in each round so that we can use ‘agent’ and ‘arm’ interchangeably in the paper.'

Strategic manipulations by agents. A strategic agent can misreport the features of their arm by
manipulating them such that the agent is selected more often, thereby maximizing its utility. Let 2 ,
be the true arm feature vector and x; , be the reported arm feature vector for context ¢; and arm a.
Although an agent can strategically manipulate the arm feature vector, we assume the observed reward
only depends on the true arm feature vector.” To maximize the total reward, our aim is to design a
contextual bandit algorithm incorporating an incentive-compatible mechanism that ensures truthful
reporting (i.e., Tt = 77 ,, Vt > 1,a € A) is the dominant strategy for all agents.

Incentive-Compatible algorithm. Let o, denote the strategy of agent n € N, which is history-
dependent and maps the true features of their arms to reported features. We use o_,, to denote the
strategies of all agents other than agent n, and o = (01, 09, ...,0x) to represent the full strategy
profile of all agents. We first define what it means for an agent to be truthful.

Definition 1 (Truthful). An agent n € N is said to be truthful if agent reports the true features of
their arms to the learner in each round, i.e., Tt o = 3 , for allt > 1 and a denotes agent’s arm.

We use ¢ to denote the truthful strategy for the agent n and o* = (o7, 03,...,0%) to represent
the vector of the truthful strategy for all agents. Next, we formally define the utility of an agent n in
our setting. Let Sp(n) = Zthl 1(arm a; belongs to agent n) denote the number of times agent n is
selected by the learner up to round 7'. Each agent’s objective is to maximize the expected number
of St(n). Therefore, the utility of agent n is given by E [St(a) | o], where we conditioned on all
agents strategies o. In the following, we define the notion of e-Nash equilibrium (NE), in which no
agent has more than € incentive to deviate from the truthful reporting strategy.

Definition 2 (¢-Nash Equilibrium). Let e > 0 and T > 0. We say that o = (01,03,...,0N) forms
a e-Nash equilibrium if any deviating strategy o', (# o) for any agent a € A, the following holds:
E[Sr(a) | 0a,0-0] > E[Sr(a) | o), 0-0] —c.

We next define incentive compatibility for a contextual bandit algorithm in terms of Nash equilibrium.

Definition 3 (Incentive Compatible). A contextual bandit algorithm is incentive compatible if
truthfulness is a Nash equilibrium, i.e., reporting the true arm features maximizes each agent’s utility.

Performance measure. Let a; denote the optimal arm (agent) for context ¢; having the maximum
expected reward, i.e., a; = argmaxuc 4, f(77,,). After selecting arm a;, the learner incurs a penalty
r, where 1y = f (27 4. ) — f(27,,). Our aim is to learn a sequential policy that selects an arm for a
given context such that the learner’s total penalty for not selecting the optimal arm (or cumulative
regret) is as minimal as possible. However, the performance of the contextual bandit algorithm
depends on the incentive-compatible mechanism for the strategic agents whose strategy profile is
represented by o = (071, ...,0n). We use strategic regret as a performance measure of a sequential
policy 7 for which the agents act according to a Nash equilibrium under policy 7. Specifically, for T'
rounds and o € NE(), the strategic regret of a policy 7 that selects arm a, in the round ¢ is
T

Rr(m,0) = 3 (F@tar) = f(wha,) - M

t=1
A policy 7 is a good policy if it has sub-linear regret, i.e., limy_, o, R7 (7w, o) /T = 0. This implies
that, as T increases, the policy 7 will eventually start selecting optimal arms for the given contexts.

!'Our framework is more general and can also apply to settings where agents can report multiple arms per
round, e.g., sellers offering multiple variants of the same product on an online platform. We also want to highlight
that all agent-related computations can be performed in parallel, as they are independent of one another.

2Sellers can misrepresent product features on the e-commerce platform such that it becomes a top recommen-
dation. However, it cannot change the actual physical quality and nature of the product.
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3 LEAVE-ONE-OuT-BASED MEcHANISM (LOOM)

In the contextual bandit setting, designing an incentive-compatible mechanism that ensures truthful
reporting of arm features by agents is challenging due to limited access to true contexts, the potential
for strategic misreporting, noisy reward feedback, and unknown reward function parameters. These
challenges naturally raise the question: How can we design a mechanism that effectively incentivizes
strategic agents to report truthfully? To overcome this, we propose a method, Leave-One-Out-based
Mechanism (LOOM) for identifying misreporting agents, which is inspired by the Vickrey-Clarke-
Groves (VCG) framework (Vickrey, 1961; Clarke, 1971; Groves, 1973) and uses the reported arm
features of other agents to identify misreporting agent. To identify whether an agent a is misreporting
(i.e., over-reporting arm features to increase its expected reward, such that f(z; o) > f(z} ,)), LOOM
uses three key components: @ a pessimistic estimate of the agent’s total expected reward, derived
from past data of all other agents, (2) an optimistic estimate of the agent total reward, based on the
observed rewards when agent a is selected, @ a statistical test that uses these estimates to identify if
agent a is over-reporting with high probability.

(1) Pessimistic estimate of the agent’s total expected reward. Since the true reward function is
unknown, LOOM estimates it using past observations (context-arm features and rewards) from all
agents except agent a, ensuring the estimator is not influenced by agent a. Next, we formally introduce
the notion of a LOOM-compatible contextual bandit algorithm, which refers to a class of algorithms
that can integrate LOOM as a post-processing step after each round to identify the over-reporting
agent. Let O, denote the past observations from all agents at the beginning of round ¢ and O, _,
represent the past observations from all agents except agent a. Let f; and f; _, represent the estimate
of reward function f using observations O, and O, _,, respectively, at the end of round ¢.

Definition 4 (LOOM-Compatible Contextual Bandit Algorithm). Any contextual bandit algorithm
2l is LOOM-compatible if the following holds: (i) The estimated function f* from Oy, with probability
1 — 6, satisfies: Forany z € X : |f2(x) — f(2)| < h(z, O) and (ii) The estimated function f3_,
from Oy _,, with probability 1 — §, satisfies: For any z € X : |f?‘7a(x) — f(@)] < h(z,O—q)-
Here, the value of h(x,-) depends on x, past observations (O or Oy _), and 2.

Many contextual bandit algorithms like Lin-UCB (Chu et al., 2011) (as shown in Section 4), UCB-
GLM (Li et al., 2017), IGP-UCB (Chowdhury & Gopalan, 2017), GP-TS (Chowdhury & Gopalan,
2017), Neural-UCB (Zhou et al., 2020), and Neural-TS (Zhang et al., 2021) are LOOM-compatible.
Depending on the problem setting, any suitable LOOM-compatible contextual bandit algorithm can
be used, where arms are selected according to the algorithm’s inherent arm selection strategy, and
LOOM is used to identify strategic agents. The value of h(z, O;) and h(z, O _,) provide the upper
bounds on the estimated rewards with respect to the true reward function. This value depends on the
problem and the choice of contextual bandit algorithm 2l and its associated hyperparameters. Note
that the assumptions required by contextual bandit algorithms must also hold in our setting, as they
directly influence the performance of our proposed algorithm through h(x, O;) and h(x, O, _,). See
Table 1 in Section C for different values of h(z, O;).

Henceforth, we assume that the underlying contextual bandit algorithm is LOOM-compatible and omit
the superscript 21 in estimators (f* and fff_ ) superscript for notational simplicity. For any z € &, if
|ft.—a(z) — f(z)| < h(x, O _,) holds with probability 1 — §; ,, then LCB, _,(x) = f;,—q(x) —
h(z, O, _,) is a pessimistic estimates of the expected reward for x, which also holds with probability
1 — 64 (see Lemma 6 in Section C). We further define LCBfa) = Zt LCB;,_q(%s,4,) to

s=l,as=a
denote the pessimistic estimates of the agent a’s total expected reward. We assume that LCBgfl) holds
with probability at least 1 — 67, (more details are provided in Section C).

(2) Optimistic estimate of the agent total reward. Since the observed reward depends only on
the true feature vector, the learner receives a noisy reward, where the noise is sub-Gaussian. Our
following result provides an optimistic estimate of the agent a’s total expected reward.

Lemma 1. Let Si(a) be the number of times that agent a is selected until round t, and €5 be
R-sub-Gaussian noise in the observed reward ys, where 1 < s < t. Then, with probability at least

L—df,wehavey” o\ o F(@50) <D ciaa¥s + \/2R2St(a) log(1/6¢ ).

Proof outline. This result follows from applying Hoeffding’s inequality to a sum of sub-Gaussian
random variables; detailed and omitted proofs are provided in Section B.
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(3 Statistical test for finding whether agent is over-reporting.  For simplicity, consider the
case where the reward function is known. In this case, we say that an agent is over-reporting if
the total expected reward for reported arm features exceeds the total noiseless expected reward,

ie., ZZ=1 avma F(@5.0,) > D icia.—a Us forany t > 1, where ys is the noiseless expected reward.
However, since the reward function is unknown and the observed reward is noisy in practice, we
assess over-reporting using optimistic and pessimistic estimates of the expected rewards. We define
UCBE?’LB = 22:1 ao=aYs + \/ 25, (a)log(1/6¢ ,) as the optimistic estimate of the sum of the agent

a’s expected rewards that holds with probability at least 1 — 6%/7 +- Therefore, an agent a over reporting
the true arm features with probability at least 1 — 07 , — 0/, if the following condition holds:

LOOM Condition: LCB") > UCB{"). )

By eliminating the agents who satisfy Eq. (2) from future rounds, the LOOM condition incentivizes
agents to report truthfully.

Remark 1 (Homogeneous setting.). This work focuses on a homogeneous setting where all agents
share the same reward function f. Our proposed LOOM mechanism leverages the reports and rewards
of other agents to construct a baseline for detecting misreports. In a heterogeneous setting, where
agents may have different reward functions or non-overlapping feature distributions, the pessimistic
estimate LC By _, derived from other agents may not accurately bound the expected reward of agent
a. Consequently, LOOM may become less effective or unable to reliably detect strategic misreporting
in such scenarios. In Section E, we conduct additional experimental studies to illustrate these issues.

Our next result shows that when an agent a always reports truthfully, i.e., x; , = £*; o forall ¢t > 1, it
does not get eliminated with high probability at least 1 — o, — 6%’7 a-

Theorem 1. Let agent a reports truthfully. Then, LOOM does not eliminate agent a with high
probability at least 1 — 0f , — 67 ,.

Proof outline. The key idea of the proof is to apply the confidence ellipsoid lemma alongside
high-probability upper bounds on the noisy reward and lower bounds on the expected reward for agent
a’s reported arm features. Additional details are provided in the supplementary material.

Impact of arm feature distribution on LOOM identification. The performance of LOOM depends
on how well the remaining agents represent the distribution of a over-reporting agent’s arm feature, as
captured by the term h(z, O, _,) in LCB; _,(z). If the over reporting agent’s distribution is well
represented, h(x, O, _,) is going to be small, making the over reporting agent easier to identify;
otherwise, a large h(z, O;,_,) makes identification harder. This structural property is central to our
setting, as it allows estimating an agent’s expected reward using the past observations from other
agents under the shared reward function f (an illustrative example is provided in Section D.1, along
with discussion of LOOM, including its failure cases, such as heterogeneous agents, multiple strategic
agents, and collusion, as well as its connections to existing work (Kleine Buening et al., 2024)).

Remark 2 (Agent under-reporting.). Agents have no incentive to under-report, as it reduces their
likelihood of being selected by the algorithm. Instead, they are more inclined to over-report to
increase their chances of being selected. However, as noted in (Kleine Buening et al., 2024), there are
some cases where under-reporting may yield a small gain. Our proposed method, LOOM, is designed
to detect over-reporting and does not capture under-reporting. Developing a mechanism that can
reliably detect both under-reporting and over-reporting remains an open problem.

4 INCENTIVE-COMPATIBLE CONTEXTUAL BANDIT ALGORrRITHM: COBRA

In this section, we present our contextual bandit algorithm, COBRA, which is specifically designed to
ensure strategic agents report truthfully. To bring out our key ideas and results, we restrict our setting
to linear reward functions and later extend our results to non-linear reward functions.

Linear reward function. We first consider the setting where the underlying reward function is
linear, i.e., f(x) = 6] x in which 0, € R? is the unknown parameter. At the beginning of round
t, the learner observes the randomly generated context ¢; € C and the set of reported arm features
Ay. After selecting the arm a;, the learner observes stochastic reward y; = Hjxt’at + ¢, where
Tt.a, = P(Ct, ar) and g, is R-sub-Gaussian. We estimate the unknown parameter 6, using the available
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observations of context arm features and corresponding rewards at the beginning of round t denoted by

O = {(Ts.a.,ys)}12}, as follows: 0, = V,~ ZS 1 Ts,a.Ys, where Vi = Mg + ZS 1 Ts,aaTg g,
14 is the d x d identity matrix, and A > 0 ensures the covariance matrix V; is positive definite.

Optimistic reward estimate. In the round ¢, the optimistic reward estimate/ upper confidence bound
(UCB) of any context-arm feature vector x is computed as follows: UCB; ,(z) = 0, = + oy ||xHVt —1,

where 0, 2 denotes the estimated reward for the context z and oy ||z~ is the confidence bonus
t

1
in whicha; = R (d log ( %)) 4+ A2Sisa slowly increasing function in ¢ and the value of

[%]l-1 (i.e., weighted l>-norm of vector x with respect to matrix V; ') goes to zero as ¢ increases.
t

UCB-based algorithm. The upper confidence bound (Li et al., 2010; Chu et al., 2011; Zhou et al.,
2020) is a widely used technique for addressing the exploration-exploitation trade-off in contextual
bandit problems. Our UCB-based algorithm, COBRA (UCB), for linear contextual bandit problems
works as follows. At the start of round ¢ (see Fig. 2), the learner observes the context and reported arm
features x4 4, and then selects an arm a; = argmax,c 4, UCB; . (z) (Line 4). Importantly, COBRA
(UCB) does not have access to the true arm features or the true reward function parameter 6,. As
a result, over-reporting by agents can lead COBRA (UCB) to make suboptimal arm selections. To
address this, we incorporate LOOM (Line 6, more details on how we adapt LOOM to linear contextual
bandits are provided on the next page) to identify the over-reporting agent. By eliminating agents who
satisfy the LOOM condition defined in Eq. (2) from future rounds ensures agents report truthfully.

COBRA Algorithm for COntextual Bandits with StRAtegic Agents

1: Input: A7: set of agents before the round ¢t = 1, € (0,1), and A > 0

2: fort=1,2,...do

3:  Observe context x; and then a receive set of arm’s features .A; reported by agents in N;.
4:  Select an arm a; = argmax,c 4, UCBy 4 (2) = 0] z + a4 |||, -1
5 t
6

Observe noisy reward ;.
Check LOOM condition in Eq. (2) for each agent in NV;. If it holds for any agent a, then update
Niy1 =N\ {a}.

7: If Nyyq = 0, stop and receive 0 reward thereafter.

8: end for

TS-based algorithm. Motivated by the empirical advantages of Thompson Sampling (TS) over UCB-
based bandit algorithms (Chapelle & Li, 2011; Agrawal & Goyal, 2013; Zhang et al., 2021), we also
propose a TS-based variant, COBRA (TS). This algorithm closely mirrors COBRA (UCB), differing
only in the arm selection step (Line 4). To obtain a TS-based reward estimate, the algorithm first

samples a reward function parameter 6, ~ N (ét, B2 Vfl>, where N denotes the normal distribution

and B; = R+/9d log (t/0) (Agrawal & Goyal, 2013). Using 6;, the TS-based reward estimate, i.e.,
TSt (2t,a) = 2, a9t, replaces UCBt(xt «) when computing the optimistic reward in Line 4. We
compare and demonstrate superior empirical performance of COBRA (TS) in Section 5.

LOOM in COBRA (UCB) and COBRA (TS). To check the LOOM condition defined in Eq. (2),
we need to compute LCB; ,, which requires estimating the reward function parameters using
observations from all agents except agent a. To construct the aforementioned estimate, we exclude

the observations from agent a, which is given as follows: ét’,a = t’ila Zzzl_aﬁéa Ts,a,Ys,» Where
Viea = Mg+ Zizl’as#a xsyasxlas. We now formally define the pessimistic estimate of the total
expected reward for an agent a as: LCBgfa) = Zt_ LCB;,_q(%s,q4, ), where LCBy _4(x5,4,) =

s=1l,as=a

1
yor for 1 < s <t with ay,_q = R (dlog (SHEH=SUNEA) ) F
A2 S and S¢(a) denoting the Ynumber of times agent a has been selected up to round ¢. Using the
upper bound UCB% = e<ta.—a¥s T \/QSt(a) log(1/6¢,) from Lemma 1, we can apply LOOM
condition to identify whether any agent is over-reporting their arm features.

o
xs,aset,*a — Q,—q ||‘T'S7G‘S

Non-linear reward function. We now consider contextual bandit problems with non-linear reward
functions. COBRA naturally generalizes to this setting by adopting any suitable LOOM-compatible
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COBRA: Incentive-Compatible
Contextual Bandit Algorithm

Contextual
Bandit Algorithm

Context Co ntext

User ¢, User [

Selects action Action Selection
Strategy

Selects action Action Selection Active Agents
¢ Strategy Nt

Noisy Reward

Noisy Reward
y=fx,) +¢ y=fx,) +e

(a) Standard Contextual Bandit Algorithm (b) COBRA: Incentive Compatible Contextual Bandit Algorithm

Figure 2: COBRA integrates LOOM as a post-processing step after each interaction round to identify
over-reporting agents in a LOOM-compatible contextual bandit algorithm.

contextual bandit algorithm to get optimistic reward estimates for context—arm feature vectors. These
estimates are then used to select the best arm for a given context (as in Line 4), after which LOOM is
applied as a post-processing step to identify over-reporting agents.

NE guarantee and regret analysis. We derive NE and regret guarantees for COBRA and establish
its desirable properties, including incentive compatibility (i.e., reporting truthfully is the dominant
strategy) and a sublinear regret guarantee. We assume that the agent only over-reports their arm
features so that the corresponding reward is higher, i.e., forall z* € X' : f(x) > f(z*), where
is the reported arm features for the true arm feature x*. Notably, we impose no restrictions on how
agents report their arm features, aside from no collusion assumption, which is common in VCG-type
mechanisms (Vickrey, 1961; Clarke, 1971; Groves, 1973). Let O hide the logarithmic factors and
constants. Our next result shows that when arms report truthfully, COBRA approximately incentivizes
truthful behavior and achieves a regret bound of at most O(d+/T) under this approximate NE. Next,
we present the results for COBRA (UCB) under linear and non-linear reward functions.

Theorem 2 (Linear). When agents report truthfully, being truthful is a O(d\/T )-NE under COBRA.
The regret of COBRA under this approximate NE is at most R(COBRA, 6*) = O(dV/T).

Let d be the effective dimension associated with contextual bandit problems with non-linear reward
functions. Let 2 be a LOOM-compatible contextual bandit algorithm for which | f;(z) — f(z)| <

h(zx, O;) holds with probability at least 1 — ¢ forany € X and \/Z?:l [h(zt,q,s O0)]? = O(dlogT).
For notational simplicity, we assume that this bound holds for the algorithm 2( used by COBRA.
Theorem 3 (Non-linear). Let 2 be a LOOM-compatible contextual bandit algorithm used by COBRA.

When agents report truthfully, being truthful is a O(d\ﬁ )-NE under COBRA. With probablllty at least
1 — 6, — 8y, the regret of COBRA under this approximate NE is Ry (COBRA(L), 0*) = O(dV'T).

When multiple agents over-report, all COBRA estimators become biased (Lemma 8 in Appendix) as
the over-reported arm features used for reward function estimation no longer reflect the true distribution.
Our subsequent results hold only under the conditions specified in the following assumptions.

Assumption 1. Let x and x* be the reported and true context-arm feature vector, respectively. Then,
we assume (i) ¥Vt > 1,a € Ay ¢ f(xrq) < UCBy(24,q), where UCB(x) = fi(x) + h(z, Oy).
(ii)Vt>1,a € A; : UCBt(xt a) SUCBy _o(2,4), where UCB, _o(z) = fi.—a(z) + h(z, Ot —q).

The first part of the assumption states that each agent’s expected true reward for the reported features
is upper bounded by the optimistic reward estimate, UCB;(x ), that uses all available context-arm
features to estimate 0,. The second assumption says that the optimistic reward estimate, when using all
available context-arm features, is tighter than the optimistic reward estimate when excluding reported
context-arm features of any agent. Additional discussion about these assumptions are provided in
Section D. Next, we prove a strategic regret bound that holds for every NE.

Theorem 4 (Linear). If Assumption 1 hold then, the regret of COBRA is Ry (COBRA, o) = O(dVT+
VNT) for every o € NE(COBRA). Hence, max,eng(cosra) Rr(COBRA, o) = O(dvVT +V/NT).

Our next result extends the previous result to the general setting with non-linear reward functions.
Theorem 5 (Non-linear). Let A be a LOOM-compatible contextual bandit algorithm used by COBRA.
If Assumption 1 hold then, the regret of COBRA is Ry (COBRA(), o) = ~(d~\ﬁ + V/NT) for
every o € NE(COBRA(21)). Hence, max,cng(cosra)) Rr(COBRA(U), o) = O(dVT + V/NT).
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Outline of the proofs. The proofs of Theorem 2 and Theorem 4 depend on the LOOM mechanism to
identify agents who are over-reporting. LOOM ensures that optimistic estimates are tightly bounded,
thereby limiting the potential benefit from over-reporting and reinforcing truthfulness as the optimal
strategy for agents. The vV NT term in Theorem 4 arises due to the strategic nature of the agents who
can exploit initial noisy estimates of COBRA. The detailed proofs are provided in Section B. The
proofs of Theorem 3 and Theorem 5 rely on the LOOM mechanism to identify over-reporting agents.
The remainder of the proof proceeds as before, making use of Definition 4 and Assumption 1.

5 EXPERIMENTS

In this section, we aim to corroborate our theoretical results and empirically demonstrate the
performance of our proposed algorithm in different strategic contextual bandit problems. We repeat
all our experiments 20 times and show the regret (as defined in Eq. (1)) with a 95% confidence
interval (the vertical line on each curve shows the confidence interval). To demonstrate the different
performance aspects of our proposed algorithm, we have used different synthetic problem instances.

Experiment setting. We use a d.-dimensional space to generate the sample features of each
context, where context c; is represented by ¢; = (xct’l, e 7$ct,dc) for ¢ > 1. Similarly, we use a
d,,-dimensional space to generate the sample of each agent’s arm features, where agent n € N is

n — (:vg:)l, e 71”51? dn)' The value of the i-th feature z, ; (or a:f]j)l) is sampled

represented by a
uniformly at random from (0, 2). To get the context-arm feature vectors for context ¢; in the round ¢,
we concatenate the context features ¢, with all arm feature vectors. For context ¢; and agent n, the
concatenated feature vector is denoted by x; ,,, which is an d-dimensional vector with d = d. + d,,.
We sample a d-dimensional vector 6, uniformly from (0, 2)¢ and normalize it to have unit /5-norm.

Across all experiments, we set A = 0.01, R = 0.1, § = 0.05, and d. = d,,.

Strategic over-reporting. We consider two types of strategic manipulations: () Feature adaptation:
The strategic agent updates the arm features it reports based on past selection outcomes using a
finite-difference stochastic gradient ascent update. Specifically, the agent receives a binary feedback
signal: 1 if it was selected in the previous round and 0 otherwise. Agent uses this feedback to
iteratively adjust its reported features to increase the probability of being selected in future rounds. (1)
Systematic over-reporting: To maximize the likelihood of selection, the strategic agent over-reports
its feature vector according to x = (1 + A,)z*, where z* denotes the true arm features. The

agent maintains an estimate of the optimal over-reporting factor, A, which guides the extent of
over-reporting. More details about these strategic manipulations are provided in Section E.

Regret comparison with baselines. We compare the regret of the proposed algorithms with three
baselines: Lin-UCB (Li et al., 2010), Lin-TS (Agrawal & Goyal, 2013), and OptGTM (Kleine Buening
et al., 2024). For our experiments, we consider two reward functions: Linear, f(z) = 5z '6,,and
Square, f(z) = 10(xT0*)2. We use 1000 contexts, 5 agents, and d. = d,, = 5, resulting in a
context-arm feature dimension of d = 10. We evaluate four problem instances with the same setup,
except using two different types of strategic over-reporting: Agent type I: Feature adaptation with a
learning rate of n = 0.05. Agent type II: Systematic over-reporting, where A, ~N (A%,0%). Here,
N denotes a normal distribution, A is the optimal scaling factor such that f((1 + AX)x*) gives the
highest reward among all arms, and o represents the standard deviation. We assume that only one
agent over-reports, and the maximum perturbation in each round is bounded by A, = 1.0.
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Figure 3: Comparing cumulative regret of COBRA with baselines using different problem instances.

In Fig. 3a, all agents report truthfully under the Linear reward function. Even in this setting,
our algorithm outperforms the state-of-the-art OptGTM and matches the performance of standard
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contextual bandit algorithms (LinUCB and LinTS). As expected, our proposed algorithm COBRA,
based on UCB and TS variants of contextual bandits, outperforms all baselines across different
problem instances with Linear and Square reward functions (Fig. 3b-3d). For the Square reward
function, we estimate it using kernel regression with a polynomial kernel of degree 2. We observe
that the TS-based variants of COBRA consistently outperform their UCB-based counterparts.

Regret of COBRA vs. number of agents (V) and dimension (d). The number of agents (/V) and
dimension of context-agent feature vector (2d) in the contextual bandit problem control the difficulty.
As their values increase, the problem becomes more difficult, making it harder to allocate the context
to the best agent. We want to verify this by observing how the regret of our proposed algorithms
changes while varying /N and d in the contextual bandit problem. To see this in our experiments, we
use the linear reward function (i.e., f(x) = 52" 6,), 2000 contexts, N = 10 when varying dimension,
d = 20 while varying the number of agents. As shown in Fig. 4a and Fig. 4b, the regret bound of
our COBRA UCB- and TS- based algorithms increases as we increase the number of agents, i.e.,
N = {10, 20, 30,40, 50}. We also observe the same trend when we increase the dimension of the
context-agent feature vector from d = {5, 10, 15,20, 25} as shown in Fig. 4c and Fig. 4d. In all
experiments, we also observe that the COBRA TS-based algorithm performs better than its COBRA
UCB-based counterpart (as seen in Fig. 4a-4d by comparing the regret of both algorithms).

4000
L, 3500

" 2 3000
00 g

8000 6000
4 7000
@ 5000
56000

Q Q
& 2500 & s000 4000

...........

S R

Vi

o
> 4000
£ 3000
>

3000

2000 1500

-a- COBRA (UCB) [N = 10]
¥~ COBRA (UCB) (N = 20]
-+~ COBRA (UCB) (N = 30)

- COBRA(TS) (N = 2000
- COBRA (TS) [ = 20]
- COBRA(TS)(V=30] | 3
- COBRA (TS) [N = 40] 1000
- COBRA (TS) [N = 501 o

4 COBRA (15 [d ='s]
-¥- COBRA (TS) [d = 10]
4= COBRA (TS) [d = 15]

COBRA (TS) [d = 20]
< COBRA (TS) [d = 25)

-4~ COBRA (UCB) [d =
-~ COBRA (UCB) [d = 10]
4= COBRA (UCB) [d = 15]
COBRA (UCB) [d = 20]
- COBRA (UCB) [d = 25] o

Cumulative Regret

€ 2000

1000

Cumulative Regret

Cumulative

o COBRA (UCB) [N = 40]
RA (UCB) (N = 50)

0 250 500 750 1000 1250 1500 1750 2000
Rounds

G 250 500 750 1000 1250 1500 1750 2000
Rounds Rounds

(a) Vary agents/arms (UCB) (b) Vary agents/arms (TS) (c) Vary dimension (UCB) (d) Vary dimension (TS)
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0 730 1 0 250 500 750 1000 1250 1500 1750 2000
Rounds

Regret of COBRA vs. different types of strategic manipulations. To simulate the strategic
manipulations, we define the over-report feature vector as = (1 + a)a*. Since all features and
parameters (6,) are positive, scaling true feature vector 2* by a factor of (1 + a) ensures over-reporting.
To control the over-reporting, we uniformly sample a from (n,n + ¢,), where changing 7 or ¢,
leads to different types of manipulations. Specifically, an increased 7 or €,, implies increasing the
misreporting amount. As shown in Fig. 5a-5d, the regret bound of our COBRA UCB- and TS-based
algorithms increases as noise levels increase. However, in instances with higher manipulation, the
COBRA TS-based algorithm consistently outperforms the COBRA UCB-based algorithm. Additional
experimental results and ablations are provided in Section E.
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6 CONCLUSION

This paper addresses a contextual bandit problem involving strategic agents who may misreport arm
features to increase their own utility. To tackle this, we propose LOOM, a mechanism that identifies
over-reporting agents by leveraging the reported arm features from other agents. Building on LOOM,
we introduce an algorithm, COBRA, for contextual bandit problems with strategic agents. COBRA
disincentivizes strategic behavior without relying on monetary incentives, while ensuring incentive
compatibility and achieving a sub-linear regret guarantee. Our experimental results across different
problem instances further demonstrate the performance advantages of our algorithm. A few promising
directions for future work include incorporating fairness constraints into the arm selection process
and handling more complex forms of strategic behavior within this setting.
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A ADDITIONAL RELATED WORK

Contextual bandits. Contextual bandits (Slivkins, 2019; Lattimore & Szepesvari, 2020) have many
real-life applications, such as online recommendations, advertising, web search, and e-commerce. In
this framework, a learner selects an arm and receives a reward for that choice. Given the potentially
large or infinite set of arms, the mean reward for each arm is typically modeled as an unknown
function, which may be linear (Li et al., 2010; Chu et al., 2011; Abbasi-Yadkori et al., 2011; Agrawal
& Goyal, 2013), generalized linear model (GLM) (Filippi et al., 2010; Li et al., 2017; Jun et al.,
2017; Verma et al., 2025), or non-linear (Valko et al., 2013; Chowdhury & Gopalan, 2017; Zhou
et al., 2020; Zhang et al., 2021). The learner’s objective is to identify the optimal action as efficiently
as possible, which depends on how tightly the confidence bounds for the reward-function mapping
actions to rewards are defined. Several works have explored various sources of information and side
observations to enhance the learning process (Li et al., 2010; Agrawal & Goyal, 2013; Alon et al.,
2015; Wu et al., 2015; Li et al., 2017; Verma & Hanawal, 2021; Verma et al., 2023).

Strategic learning. There are several works on strategic learning (Liu & Chen, 2016; Freeman et al.,
2020; Gast et al., 2020; Zhang & Conitzer, 2021; Harris et al., 2022; 2023) and strategic classification
(Hardt et al., 2016; Dong et al., 2018; Sundaram et al., 2023). The strategic classification problem
was first introduced in Hardt et al. (2016). The authors considered a sequential game between a
decision-maker selecting a classifier, and a strategic agent who responds by modifying their features.
Chang et al. (2024) address the problem of identifying agents who exhibit the highest degree of
strategic manipulation in their inputs, given a dataset of agents and their observed model inputs in a
offline setting. Our work aligns with this research direction, as it explores the interaction between
a strategic agent and a learning algorithm. However, unlike prior studies where agents interact
with the learner only once to achieve a desired outcome, our setting involves repeated interactions,
forming a repeated game without monetary transactions. Our main contribution is the development
of an incentive-compatible mechanism designed to handle repeated interactions with strategic agents,
specifically tailored for contextual bandit problems.

B LEFTOVER PROOFS

B.1 LEFTOVER PROOFS FROM SECTION 3

Lemma 1. Let Si(a) be the number of times that agent a is selected until round t, and 5 be
R-sub-Gaussian noise in the observed reward ys, where 1 < s < t. Then, with probability at least

1 — 6}, we have Ys<tianmat (@50.) S D sctai=a Vs \/2R2St(a) log(1/6¢,).

Proof. Recall, the observed reward in round ¢ is y; = f(x;,,) + €, where ¢ is R-sub-Gaussian
noise. We want to get the upper bound for the sum of observed rewards in terms of the sum of true
rewards, i.e.., > o, o _, (s — f(2},,)) - Note thate, = y, — f(2} ,_) is a R-sub-Gaussian random

variable.Using Hoeffding’s inequality for sums of sub-Gaussian random variables, we obtain

2
Forany 7 > 0, P Z Eg > T <exp(—M>.
t

s<t,as=a

Setting 7 = \/QRQSt(a) log(1/67 ), we get

PO S s>\ 2R25,(0)log(1/6,) p < 0,
s<t,as=a
Expanding e, = ys — f (27 ,.)
at least 1 — &7

t,a>

in the above equation, we can have the following results with probability

Sz > flal.) - \/2R2Si(a) log(1/5},). 3

s<t,as=a s<t,as=a
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Similarly, with probability at least 1 — & ,,

S < > flala)+/2R2S:(a) log(1/5},). )

s<t,as=a s<t,as=a

After re-arrangements of some terms in Eq. (3), the sum of true rewards must be less than the upper

bound of observed rewards with probability at least 1 — 5t s ie.,

S @)<Yyt (2R280(0) log(1/5Y,,)- O

s<t,as=a s<t,as=a

Theorem 1. Let agent a reports truthfully. Then, LOOM does not eliminate agent a with high
probability at least 1 — 6f , — 67 .

Proof. Since all agents report truthfully, forall ¢ > 1,a € A; : * = z. Note that we are estimating
the reward function f using available observations observed context-arm features and rewards.
Recall that we use O; _, to denote the observations from all agents except agent ¢ and f; _,
represents the estimate of reward function f using O, _, at the end of round ¢. Even if other agents
report truthfully, noisy reward feedback may lead to an inaccurate estimator. Let the confidence
ellipsoid |fi,_q(x) — f(2)| < h(z, O, _4) hold with probability 1 — d; . Then, for any z € X,
LCB;,_o(x) = fi,—a(x) — h(z, O,_,) is the pessimistic estimates of the expected reward for x that
also holds with probability 1 — §; ,. Furthermore, f(z) > LCB; _,(x) (see Lemma 6 in Section C.1
for more details). Using this, for any z; ,, € X, we have

f(:vt*m) = f(z4,4,) > LCBy o (x1,0,) = f(x;at) > LCB; o (24,q,)-

Next, we can lower bound the sum of true rewards in terms of the lower confidence bound on estimated
rewards using observed context-arm feature vectors as follows:

Z f@la,) = Z LCBy,—a(%s.a.)

s<t,as=a s<t,as=a
- § LCBt —a xs as) > E f Tg lls (5)
s<t,as=a s<t,as=a

For brevity, we assume the above bound holds with probability at least 1 — 67, in the round ¢. Note
that 6; , can be computed exactly when applying the union bound. Since the true reward is unknown,

we 1nstead first use the upper bound provided in Lemma 1, which holds with probability at least 5}
to modify Eq. (5). We use the definitions of LCB(‘T) and UCB(y) to get:

Z LCBt —a xs as) = Z Ys + \/2R2St IOg(l/(S )

s<t,as=a s<t,as=a

— LCB{") < UCBY). (6)

t,a>

If the sum of the lower bound of estimated rewards is less than the upper bound of observed rewards
for an agent then that agent is not mis-reporting. However, if any agent violates Eq. (6), i.e.,

LCB{") > UCBY), then that agent is not truthful. The probability of failing this LOOM condition is
upper bounded by 47, + 5%’, - Since this condition is used as a criterion in COBRA to identify the
strategic agent, COBRA does not eliminate a truthful agent with probability at least 1 — 67, — (5;{ 0 U

B.2 LEFTOVER PROOFS FROM SECTION 4

The following lemmas are fundamental to the proof of our theoretical results. We use the following
notation throughout the proof: the arm is represented by a, and —a represents other than arm a’s
estimate. We use ||| , to denote the weighted [-norm of vector x with respect to matrix A. We next
state the result that gives the confidence ellipsoid with center at ; or confidence set for the case when
the reward function is linear. We will use this result to prove our bounds in Section 4.
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Lemma2. Let 5 € (0,1), A >0, R> 0,0, =V, ' S 250,y Vi = M+ 30 20,2) ,
Then, with probability at least 1 — 0, for all t > 1, 0, lies in the following confidence set:

1 L2 1
v < at}, where oy = (R\/dlog (—i_(té//\)) +)\2S> .

Furthermore, with probability at least 1 — 6,
Vo € X0z < UCBi(x) = 0] &+ oy |y, -

C, = {GGRd: He}—e‘

Similarly, with probability at least 1 — ¢,
Vo € X0z > LCBy(x) = 6w — ay |zl 1 .
Proof. The proof of the first part of the results directly follows from Theorem 2 of Abbasi-Yadkori

et al. (2011). The proof of the second part follows from the first part with some simple algebraic
manipulations as follows:

0] —0]z<16]x—0] 2

ﬁﬁjx—ﬁ?xﬁ“ét—ﬁ*

-
v, || ”Vz 1
=02 <0 2z +o Hm||vt_1

— 6] 2 < UCB,(x).

Similarly, the last part also follows from the first part with some simple algebraic manipulations as
follows:

N1 T
672 — 0] 2] < Ilelly

0, — 0,
Vi

t

After reversing the above inequality, we have

0, — 0,

]| > 102 -0 2| >0 z—0]x
t Vi
t

0, — 0,

5T T
= |lzlly— . >0, z—0,x

é@jzzéjx—uét—&

Nzl

—0)2>0z—q ||xHVt_1

— 0]z > LCB(x). O
Note that it is possible 6, may not belong to the confidence ellipsoid of §. However, when all agents
are truthful, i.e., z = x*, thereby 6 = 0, is trivially satisfied. Recall the following definitions from the

main paper (note that we estimated the ordinary least square (OLS) closed-form solution excluding
the information of agent a):

t—1 t—1
5 -1 Z . Z T
et,fa = V;:’fa Ts.asYss with V;f,fa =AM+ Ts,asLs q,-
s=1,as#a s=1,as#a

Lemma 3. Ler 6 € (0,1), A > 0, and R > 0. Then, with probability 1 — 6,

‘ Lo< (R\/dlog (1 *(t= %(a))LQ/A) +Aés> = v _a.

Furthermore, with probability at least 1 — §, the upper bound of ] « is given by

Ve e X : G*Ta: < UCBy,_q(x) = ég_am + o _q ||a:HVt:1 .

ét,fa - 9*

Similarly, with probability at least 1 — §, the lower bound of 8] x is given by

t,—a

VeeX: 0]z >LCB, _o(x)=0] o —a_, lz|ly -1 .
t,—a
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Proof. The first part of the proof follows from Lemma 2 as we are not using observations associated
with agent a, reducing to the standard confidence bound restricted to observations of all agents except
a. The proof of the second part follows from the first part with some simple algebraic manipulations
as follows:

0 x—0;_,

:>01—x—9;_a:r§ ’

z < \é;';ax — 0Im|

gt,fa -

el

— 0]z < 9;'—7(11‘ + ot —q ||$HV[L1

— 0,z < UCB; ().

Similarly, the last part follows from the first part with some algebraic manipulations as follows:

0o = 07| < lally s, [Bra—0.]
After reversing the above inequality, we have
I e DL D
— lzlly1 |00 - 6. 26l
= 02—;10 > ét—"law — ’ éty,a ) ||x||‘/t,_—1a
— 0l 2 0] oz - iy,
— 0] 2 > LCBy_4(z). O

B.2.1 Proor orF THEOREM 2

Theorem 2 (Linear). When agents report truthfully, being truthful is a O(d\/T)-IYE under COBRA.
The regret of COBRA under this approximate NE is at most Rr(COBRA, 6*) = O(dV/T).

Proof. When all agents report truthfully, our algorithm is the same as Lin-UCB (Chu et al., 2011)
with a mechanism for identifying strategic agents that holds with probability 1 — 6, — J,. For
completeness, we first prove the regret upper bound of COBRA as follows:

T
Rr (COBRA,0*) = > (0] a7 ,. — 0] a7 ,,). )
t=1

Since the true feature vector is the same as the reported context-arm feature vector (i.e., :ct*’a =Tt q),
we can start with upper bounding the difference 91—33;’&: — 92—:10;% as follows:

QTJUt ar aTxt ap — Hjxmt* - ojxt,at
< UCB(w4,0;) — 0, %40,
< UCB(2t,4,) — 0] %t.a,  (as UCB(zy,q:) < UCB(z4,4,))
=0/ 10, + 1 | 71,0, ||V;1 — 0, w4,
= étht,af, — G*Txt,at + oy ||xt7at||‘/;—1

0, — 0,

v 240, lly-1 + aillzea, ]y
< aillzgally -1 + allzea,lly-

= QTxt at GIxt*’at < 20 ||xt7at||vt_1 . 8)
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Note that ét is an estimator of 6, as the true feature vector is the same as the reported context-arm
feature vector. After using the upper bound given in Eq. (8) into Eq. (7), we get an upper bound on
the regret as follows:

Ry (COBRA,0*) =0, x} .. — 0, x},

T
< Z 20 th,ﬂrt ||v{1
t=1 /

T
=2 o[,y
t=1

T

2
<2VT,\| Y [at metnvfl}

t=1

T
2
<2VT\| > [or lztally-]

t=1

T
=2VT, |03 > th,atnit_l
t=1

T
= 207VT| Y v 2
t=1

det( [/T)
< - — 7
< 2arVT4/2log det(M\y)
— Ry (COBRA, 0*) < 2ar+/2dT log(A + TL/d) = O(dVT). )

The first inequality directly follows from Eq. (8). The second inequality is due to using Cauchy-
Schwarz inequality where third inequality follows from the fact that a; increases with ¢. The last two
inequalities follow from Lemma 11 and Lemma 10 of Abbasi-Yadkori et al. (2011), respectively, and
ar = O(dlogT).

We now prove that being truthful is an approximate Nash equilibrium for COBRA. Recall, S7(a)
denotes the number of times an agent being selected by COBRA, which is given as follows:

B

St(a) = 1(a; = a)

~
Il
i

I
B

T
1(a: = a,af :a)—i-Z]l(at =a,a; # a)
t=1

~
I
—

[M]=

T
1(a; = a) —le ay = a,a; # a)
t=1

il
L
S

1(as # ay)

(Y4
M'ﬂ
=

~
Il
-
~
Il
-

5’3
M’ﬂ
|=|

= Sr(a) (10)

To get the lower bound Sr(a), we get an upper bound ZthlIL(at #ajy). Let A, =
(911;@ - ij;at) > 0 for a; # a}. We multiply and divide 1(a; # a}) by A,, and then
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use inequality in Eq. (8), i.e., Aq, < 20y ||T¢,q, |}~ as follows:

A,
A,

[M]=

T
Z L(a; # aj) =

t=1

L(a; # a})

~
Il
-

20 || at||V71
1(a ) —
( t t Aat

M=

(as xz"a =T14)

~
Il
_

204 th,atval
A,

N

o~
Il
_

1

20 [|zt,a, ]y,

I
M=
>

at

o~
Il

IA
=

2
(20 2,1y, )

P~
@
M=

~~
Il
-
~~
Il

1

[M]=
[M]=

2
(207 2,0, )

P
S

\*
Il
_
o
Il

1

)
)2 S (2ar vy )’
)

~
Il
-

t=1

I
[~
A~ —~ | — | —
-

[
] =

T
2 2
(2ar) Z [E val
t=1

o~
Il
-

T 1 2 T
2
=207, Y (Aa ) > [
t=1
T 2
< 2aT Z ( 1 ) 210g det(VT)

det(/\Id)

)2\/2dlog(/\ +TL/d)

T
<2ar Z

T 2
<27, Y (Al. > V/2dlog(\ + TL/d)

< ——oarVT/2dlog(A + TL/d)

min

t=1

= Z]l(at #ay) < Aiin (R\/dlog (H(%L?/)\)) + )\éS> V/2dT log(\ + TL/d).

Note that Ayin = ming, 24 Ag,. Although using Ay, loosen the upper bound, we use this to get

dependence on 7. Let O hide the dependence on logarithmic terms, then we have the following
result:

3 L #a;) <O (d\/f) . (1)

t=1
Using this upper bound in Eq. (10), we get the following bound for any agent a € A:
Sr(a) > Si(a) — O (d\/f) . (12)
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Now we consider the case where an agent a deviates from the truthful strategy. The number of times
an agent being selected by COBRA is given as follows:

Il
M=

St(a) 1(a; = a)

#
Il
_

Il
M=

T
1(a; = a,a; :a)+Z]l(at =a,a; # a)
t=1

-
Il
—

MH

T
1(a; =a) +Z]l a; = a,a; # a)
t=1

t=1
T T
<Y A(af =a)+ > Lar # ap). (13)
t=1 t=1
Using Eq. (11) in Eq. (13), we get
Sr(a) < Sh(a) + O (d\/f) . (14)
Combining Eq. (12) and Eq. (14) completes our proof that COBRA is O(d\/T )-NE. O

B.2.2 Proor orF THEOREM 4

To prove Theorem 4, we will use the following result that upper bounds the total amount of regret that
an agent a can exert before being identified by LOOM.

Lemmad4. Let UCB, _,(z5,4) = Gg_axaa +ar_q ||xs7a|\V;1 , where is the arm feature vector
,—a

t,a’

> (UCBy _a(mea) = 0]23,) < > 204 4 ||:r37a||v;_1a+2\/2R2St(a)log(l/5ga).

s<t: as=a s<t,as=a

associated with agent a in the round s. Then, with probability at least 1 — 67, -6

Proof. Using Eq. (6) with Lemma 3 for linear reward function that holds with probability at least

1 — 07, we get:
S (0 arsa = allzsaly— ) <30yt \2R2S,(0)log(1/01,,)
s<t,as=a B s<t,as=a
< 3 olat.+ \/232& (a) log(1/3Y,,)
s<t,as=a

4 \/QRQSt(G) log(1/4¢,)

— ¥ (H _gT;a)g 3 at,,a||xs7a||vt;1a+2\/2325t(a)1og(1/5ga).

s<t,as=a s<t,as=a

The second inequality follows from Eq. (4) by using upper bound (as the reward function is linear) on
qu a.—a Ys that holds with probability 1 — (5%{ o- Now we prove the second part of the result by

replacing o7 Tg,a by UCBy o (s,0) — @, —q ||s,all,,~1 and we get
t,—a

Z (UCBt,—a(xs,a) — Qt,—a ||xs,a||vt11a - ejx:,a>

s<t,as=a

t,—a

S arallmallyr +2y/2R280(a) log(1/6,)

s<t,as=a

= > (UCB¢_o(wsa) — 0] a3,)

s<t,as=a

< 3 2. ||:cs7a||v;a+2\/2325t(a)1og(1/5ga). 0

s<t,as=a

20



Published at ICLR 2026 Workshop on Al for Mechanism Design and Strategic Decision Making.

We first restate the main assumptions needed to prove Theorem 4.

Assumption 1. Let x and x* be the reported and true context-arm feature vector, respectively. Then,
we assume (i) ¥Vt > 1,a € Ay : f(x1,q) < UCB(24,4), where UCB(z) = fi(x) + h(z, Oy).
(i))Vt > 1,a € Ay : UCB(24,q) < UCBy,_o(t,q), where UCB, _o(x) = fi.—a(x) + h(z, Ot _q).

We now have all results that will be used to prove Theorem 4.

Theorem 4 (Linear). If Assumption 1 hold then, the regret of COBRA is R (COBRA, o) = O(dvVT +
VNT) for every o € NE(COBRA). Hence, max,cng(cosra) R (COBRA, ) = O(dvT+/NT).

Proof. Recall A; denotes the set of arms’ feature corresponding to the active agents in the round ¢.
The regret of COBRA for o € NE(COBRA) is given as follows:

T T
Rr (COBRA, o) = > <9Txt w07 a,) =y (max9 2, — 0]t a,> . (5)
t=1

A
= ac

Under Assumption 1, if COBRA selects a; € A;: a; # a}, we have G*Tx;:az < szt_,a; <
UCBy(2¢,q; ) < UCB¢(4,q,). Using G*Tx;:a: < UCB¢(x4,q, ) inequality with Lemma 4, we have

M*ﬂ

%7 (COBRA, o) = <0T:ct u — 0l f a,)

w
Il
-

B

(Hjxm; — 0]} a,)  (agents are over-reporting)

~
Il
-

™=

(UCBy(2t,0;) — 0, 2} ,,)  (first part of Assumption 1)

&
Il
-

M=

(UCBy(2t,4,) — 0] 2},,)  (as selected arm is a; )

o~
Il
-

(UCBy,—a(21,0,) — 0] 2F,,)  (second part of Assumption 1)

B

H
Il
~

]]-(at - a) (UCBt,fa((Et,a) - Hjxf,a)

M=

-
Il
—

= &MZ

> (UCBy —a(wra) — 0] 27,)

t<T,ar=a

< 3 20, ||:c,57a||vf_1n+2\/2R2St(a)log(l/5ga) (Lemma 4)
a=1 \t<T,ar=a
N

=3 Y 20i-alwnaly, +Z2\/2R2St )log(1/6Y,)
a=1t<T,a;=a
T
=3 200wl +22\/2R28t (a)log(1/67.,). (16)
t=1 =

First, we will upper bound the first part of the above inequality, i.e., > thl at,—q ||Tt,a,lly-1 > as
t,—a
follows:

T T 2
> 201 lotally—, <2VT\| S [an-allzally—,

t=1 t=1
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T
2
<2VT\| > [or lzally-,

t=1

T
=2VT\ |0} ) llzealy
=1 e

T
— 200 VT3 el
=1 e

r s lzea )
= QOKT\/T Z ||$t,at HVf_la T3
t=1 '

e I

T P
= 200VT | > w1} — ==
t=1

||$t,at Hv;l

T
<200CVT | |71, ||2v;1

t=1
det(VT)
<2 T [2log ——~
< 207CVT [2log det(M )
— 97 (COBRA, o) < 2a7C+/2dTlog(\ + TL/d) = O(dV'T). (17)

The first inequality is due to using Cauchy-Schwarz inequality, where the second inequality follows from
the fact that oy, increases with ¢. The third inequality follows from Lemma 12 of Abbasi-Yadkori
etal. (2011), by adapting it to our setting. The fourth inequality follows from the fact that there exists an

ey~

universal constant C' such that C' > max ﬁ for all £ > 1. The last two inequalities follow

from Lemma 10 and Lemma 11 of Abbasi-Yadkori et al. (2011), respectively, and ar = O(d log T).
For first part of Eq. (16), we have Zle 204, _q H$||v,‘_1 < 2a74/2dT(1 + C)log(A+TL/d) from

Eq. (17), and then using the Jensen’s inequality for the second part with the fact that 25:1 Si(a) <T.
Then, we have

% (COBRA, 7) < 207C/2dT log(A + TL/d) + 2/ 2R2NT log(1/3Y,,)
— Ry (COBRA, o) < O(dVT + VNT). (18)

We now prove that being truthful is an approximate Nash equilibrium for COBRA. Recall Eq. (10),
St(a) denotes the number of times an agent being selected by COBRA, which is given as follows:

Z]lat—a > Sk(a Znaﬁéat (19)
t=1 t=1

To get the lower bound St (a), we get the upper bound 23:1 1(a; # a}) when any agent can behave
strategically. Recall A,, = (HTxt o — 0t at) < UCBy,—q(wt,a) — 0] 2}, for a; # a}. We
multiply and divide 1(a; # a) by Aa,, as follows:

al A
:Z Z ]l(alt;«réctt*7at=a)Aat

k=1t<T,at=a G
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N T ok
. UCB;,_q(%t,q) — 0, 7,
< g g 1(as # a;,ar = a) A b

k=1t<T,ar=a

3>

k=1t<T,a1=a Aa,

UCB; _, — 6] 27

,a

Assuming there exists a Ap, such that Ay, = ming, 24; A, , we get
1 X
< Z Z UCBy,—a(2t,a) — G*Tx:,a

M e 1 ¢<T,ar=a

Using Eq. (16) with its upper bound, we have

T
S L(ar #af) <

t=1

2
A (2aTO\/2dT log(A+TL/d) + 2\/2R2NT log(l/éi’,a))

M=

=

L(a; #a}) <O (d\/T n \/NT) . (20)

t

1

Using this upper bound in Eq. (19), we get the following bound for any agent a € A:

Sr(a) > S5(a) —O(dﬁ+ x/ﬁ) @1)

Now, we consider the case where an agent a deviates from the truthful strategy. Recall Eq. (13), the
number of times an agent being selected by COBRA is given as follows:

T T T
= Mar=a) <Y 1(af =a)+ Y L(a #af). (22)
t=1 t=1

Using Eq. (20) in Eq. (22), we get
Sr(a) < Si(a) + O (dﬁ + \/NT) . (23)
Combining Eq. (21) and Eq. (23) completes our proof that COBRA is O (d\/T + VN T) -NE. O

Remark 3. In the proof of Theorem 4 we use the fact that there exist an universal constant C such

[ [
—a for allt > 1. In the experiment, we plot the maximum value of C for

that C > max
a

[

different values of N and d. We observe that C' grows very slowly with the number of rounds and
remains nearly constant, as shown in Fig. 8e—8h.

C NonN-LINEAR REwARD FuncTtioN

Table 1: Examples of different h(x, ;) values for some LOOM-compatible contextual bandit
algorithms, using notations from the original papers.

Contextual bandit algorithm h(z, Oy)

Lin-UCB (Chu et al., 2011) (R\/dlog (” £ ) + Aés> ||£U||V;1

GLM-UCB (Li et al., 2017) \/ log(1 + 2t/d) + log(1/0) v
IGP-UCB (Chowdhury & Gopalan, 2017) (\/2(%71 +1+1log(1/6)) + B) or—1(x)
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C.1 THEORETICAL RESULTS

We first derive results similar to Lemma 2 and Lemma 3 for contextual bandit problems with non-linear
reward functions. For brevity, we ignore 2 in f and use only f;.

Lemma 5. Let A be a LOOM-compatible contextual bandit algorithm for which | fi(z) — f(x)| <
h(zx, Oy) holds with probability at least 1 — § for any x € X. Then, forall t > 1,

1. With probability at least 1 — ¢,
Ve e X : f(x) < UCB:(z) = fi(z) + h(x, Oy).

2. Similarly, with probability at least 1 — 6,
Ve € X : f(x) > LCBi(x) = fi(x) — h(z, Oy).

Proof. The proofs of these results follow directly from the first part of Definition 4. For completeness,
we provide the proof of the first part, which follows from straightforward algebraic simplifications of

[fe(x) = f(2)] < h(z, O):

Similarly, the proof of the second part follows with some simple algebraic simplifications of
[fie(x) = f(2)] < h(z, O):
[fe(x) = f(z)| < h(z, Or)
= fi(z) — f(z) < h(z,Oy)
= fi(z) — h(z,0) < f(x)
= f(z) > fi(x) — h(xz, Oy). O

Lemma 6. Let 2 be a LOOM-compatible contextual bandit algorithm for which | f_.(z) — f(x)] <
h(z, Oy,_q) holds with probability at least 1 — ¢ for any x € X. Then, forallt > 1,

1. With probability at least 1 — ¢,
Ve e X: f(x) <UCBy_o(x) = fr,—a(x) + h(x, O _4).

2. Similarly, with probability at least 1 — 6,
Ve € Xt f(z) > LCBy _o(x) = fi.—o(x) — h(x, O, _4).

Proof. The proofs of these results follow directly from the second part of Definition 4. For

completeness, we provide the proof of the first part, which follows from straightforward algebraic
simplifications of | f;(z) — f(z)| < h(z, O%):

‘ft,—a('r) - f

== |f(z) = fi.—a

= f(z) = fr—al@) < h

S 377015,7(1)
= f(@) < fi,—a(z) + h

(E,Ot’fa).

— o~

Similarly, the proof of the second part follows with some simple algebraic simplifications of

[fie(x) = f(2)] < h(z, O):
|[ft.—a(@) = f(2)] < h(z, 01 —a)

= fi,—a(@) = f(z) < Wz, O —0)
= fi,—a(®) = Wz, O, —0) < f(2)
= f(2) = fi,—a(z) = Wz, O, —0)- O
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Proof. When all agents report truthfully, our algorithm is the same as contextual bandit algorithm 2(
with a mechanism for identifying strategic agents that holds with probability at least 1 — , — §,,. For
completeness, we first recall the definition the regret of COBRA as follows:

T

%y (COBRA(R), 0*) = 3 (f(2a:) = f(#7,)) - 24)

t=1

Since the true feature vector is the same as the reported context-arm feature vector (i.e., a:;a = Ttq),
we can start with upper bounding the difference f (xt*ﬂ:) — f(xf,,) as follows:

f@i o) = f(@7,,) SUCB(24a;) — f(274,)
< UCB(wtq,) — f(#7,,) (as UCB(zy,q;) < UCB(244,))
= fi(Tta,) + M@t a,, Or) — f(21,4,)
< | fel@wra,) = f(@50,)] 4 P2t a,, Of)
< (@40, Or) + W@t 0,5 Ot)
= f(aiay) = [(274,) < 20(210,, O). (25)
Note that f; is an estimator of the reward function f as the true feature vector is the same as the

reported context-arm feature vector. After using the upper bound given in Eq. (25) into Eq. (24), we
get an upper bound on the regret as follows:

T
%y (COBRA(R), 0*) = 3 (f(a74) — f(as,))

1
T
=2 Z h(xt,at 5 Ot)

T T
S Z Z :Et a”Ot

t=1

— My (COBRA(),0*) < 2VT

MH

g0y, O] = (J\/T) . (26)

t:l
The first inequality directly follows from Eq. (25). The second inequality is due to using Cauchy-
Schwarz inequality. The last equality is due to \/ Zthl [M(24.0,, O)]* = O(dlogT).

We now prove that being truthful is an approximate Nash equilibrium for COBRA. Recall, S7(a)
denotes the number of times an agent being selected by COBRA, which is given as follows:

M=

Sr(a) = 1(a; = a)

o~
Il
N

Il
M=

T
1(at = a,a :a)JrZ]l(at =a,a; # a)
t=1

o~
Il
—

Mﬂ

T
1(a; =a) —Z]l ay =a,a; # a)
t=1

T
Z]l a; # ay)
t=1

o~
I
A

Y2
MH
=

~
Il
-
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T
= Sr(a) > Si(a) = > 1as
t=1

To get the lower bound Sr(a), we get an upper bound Zle 1(ar # af).
( F@ha) — f(x;at)) > 0 for a, # a. We multiply and divide 1(a; # a?) by A, and then
use inequality in Eq. (25), i.e., Ay, < 2h(24,q,, O:) as follows:

T
Z]l a; # ay)
t=1

T
== Z]l (at # ay)
t=1

T
A

= 1(ar # af)

t=1 Aa,

E

L(a: # af)—4

~
I
—

2h($t7at , Ot)
A,

M=

~
Il
-

2h(xt,at y Ot)

I
[M]=
Bl

ay

~
Il
-

1

IA
[M]=
>

2h(xt,at s Ot)

min
1

o~
Il

9 T
= A Z h(‘rt»at ) Ot)
min 5

Qh(.’lft,at 5 Ot)

| A

mm t=1

)< O (dw/7>

T
T Z l‘fat,ot

(as :U;a

= xt,a)

27)

Let A,, =

(28)

Note that Ain = ming, zqx A, . Although using Ay, loosen the upper bound, we use this to get
dependence on T'. Using this upper bound in Eq. (27), we get the following bound for any agent

ac A

Sr(a) > Sk(a) — O (Jﬁ) .

(29)

Now we consider the case where an agent a deviates from the truthful strategy. The number of times
an agent being selected by COBRA is given as follows:

I
[M]=

St(a)

-
Il
—

I
[M]=

~
Il
-

fV1>ﬂ

~
Il
—

[Vj»ﬂ

ﬁ
Il
_

Using Eq. (28) in Eq. (30), we get

1(a; = a)

T
1(a; = a,a} :a)—&-Z]l(at =a,a; # a)
t=1

T
1(a; = a) —l—Z]l (ar = a,a; # a)
t=1

T
1(a +Z]lat7éat
t=1

Sr(a) < Sk(a) + O (dﬁ) :

Combining Eq. (29) and Eq. (31) completes our proof that COBRA is O(dv/T)-NE

26
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We need the following result that upper bound the total amount of regret that an agent a can exert
before being identified by LOOM.
Lemma 7. Let UCB; _o(Zs.4) = ft,—a(Ts,a) + 2(Xs,a, O o), where x5 4 is the arm feature vector

associated with agent a in the round s. Then, with probability at least 1 — 6{ , — 5%’ w

S (UCBi—alwsa) — flal,) < Y 2h(msya,(9t7_a)+2\/2R2St(a)log(1/5za).

s<t: as=a s<t,as=a

Proof. Using Eq. (6) with Lemma 3 for non-linear reward function that holds with probability at least
1—67,, we get:

> Fialtnd T h@ew O ) < 3w+ \/2R2S1(0) log(1/7,,)

s<t,as=a s<t,as=a

> )+ y2R2S0(a) log(1/67,)

s<t,as=a

—+ \/2R2St(a) log(]-/(s)?,a)

= Y (fralzsa) — flal)) <Y h(xs,a,ot,,a)+2\/ngst(a)1og(1/5;{a).

s<t,as=a s<t,as=a

The second inequality follows from Eq. (4) by using upper bound on ) _, a.—q Ys that holds
with probability 1 — 67 ,. Now we prove the second part of the result by replacing f;, 4 (2s,a) by
UCBy,—o(%s,0) — h(s,q, Or,—q) and we get

> (UCB, —o(40) — h(z, 04 —a) — f(ah,.))

s<t,as=a

< Y h(@ea Ona) +2(/2R2S1(0) log(1/0,,)

s<t,as=a

_— Z UCBt —a xs a) - f(x:,as))

s<t,as=a

< Y (e, On ) +20/2R28(a) log(1/7,)- 0

s<t,as=a
Theorem 5 (Non-linear). Let A be a LOOM-compatible contextual bandit algorithm used by COBRA.
If Assumption 1 hold then, the regret of COBRA is Ry (COBRA(L), o) = O(d)/f + VNT) for
every o € NE(COBRA(21)). Hence, max,cng(cosra)) Rr(COBRA(),0) = O(dvT 4+ VNT).

Proof. Recall A; denotes the set of arms’ feature corresponding to the active agents in the round ¢.
The regret of COBRA for o € NE(COBRA(21)) is given as follows:

T T
S (COBRA(). @) = 3~ (F(0tar) = flen)) = 3 (g o) = i) ) 32)

A
—1 acAy

Under Assumption 1, if COBRA selects a; € Ay: ar # af, we have f(27 ) < flara;) <
UCBy(w¢,a; ) < UCBy(74,q,). Using f(xt*ﬂ:) < UCBy¢(#4,4, ) inequality with Lemma 7, we have

]~

% (COBRAM),0) = 3 (f(ai0:) — f(7.,)

~
Il
-

M=

(f(#t,ar) — f(27,,))  (agents are over-reporting)

~
Il

1

MH

(UCB¢(wt,a;) — f(x},,))  (first part of Assumption 1)

~
Il

1
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Z (UCB¢(zt,0,) — f(27,,))  (asselected arm is a;)

Z (UCBy,—q(wt,0,) — f(2},,))  (second part of Assumption 1)

t,a¢

a=1t<T,a1=a 7
N
<Z( S (@10, Ora +2\/2R25't )log(1/6Y,,)
a=1 \t<T,ar=a
N N
=Y Y %m0 a) + Y 2\/2R28,(a) log(1/6Y,,)
a=1t<T,at=a a=1
T N
=3 20(@r0,, Ot +22\/2R25't )log(1/6Y.,)
t=1 a=1
T
<2JT Z (Zt.a, Ot —a) +2Z\/2R2St (a)log(1/6},)

t=1 a=1

5
Me

W00, Or )]’ +2/2R2NT log(1/57,,)

t:1
T
<2OVT | Y [M(wra,, Ora))” +2/2R2NT log(1/57,)
t=1
— 97 (COBRA), o) = O (J\/T + \/NT) . (33)

The third-last inequality follows from Lemma 7. The second-last inequality is due to using
Cauchy-Schwarz inequality where last inequality follows from Jensen’s inequality with the fact that

SN Sa)<T

‘We now prove that being truthful is an approximate Nash equilibrium for COBRA. Recall Eq. (27),
St(a) denotes the number of times an agent being selected by COBRA, which is given as follows:

Z]latfa > Sx(a Znaﬁéat (34)
t=1 t=1

To get the lower bound Sp(a), we get the upper bound ZtT:1 1(a¢ # a}) when any agent can behave
strategically. Recall A,, = (f(x;a:) — f(x;at)) < UCBy,—a(2t,a) — f(7,) for a; # a;. We
multiply and divide 1(a; # a}) by A, as follows:

L A
Z ]]‘ ag # at Z (a’t 7é a’:) Aat
t=1 @

t=1 t

al A
=> > ]l(at;éaf,atza)A::

k=1t<T,at=a

N
* UCB 7—(1(‘7" 7(1) - f(x*a)
SZ Z 1(ar # af,ar = a) ! Ata, 2
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UCBy,—o — f(z7,)
A,

N
<> 2.
k=1t<T,ar=a
Assuming there exists a Ap, such that Ay, = ming, 2q; A,,, we get
1 X
S Z Z UCBtffa(xt,a) - f(x;a)

mm g1 t<T,ar=a

Using Eq. (33) with its upper bound, we have

T

2T\ |3 (10, Or )] +20/2R2NT log(1/67,) | (35)

t=1

1 #a7) = O (VT + VNT) .

M=

1 )<
(at # at) — Amin

t

1

]~

=
t

1
Using this upper bound in Eq. (34), we get the following bound for any agent a € A:

Sr(a) > Si(a) — O (d\/f + \/ﬁ) . (36)

Now, we consider the case where an agent a deviates from the truthful strategy. Recall Eq. (30), the
number of times an agent being selected by COBRA is given as follows:

T T T
Sr(a) =) 1(a =a) <Y L(aj =a)+ > _L(a; # af). (37)

t=1
Using Eq. (35) in Eq. (37), we get

Sr(a) < Si(a) + O (d\/T + Jﬁ) : (38)

Combining Eq. (36) and Eq. (38) completes our proof that COBRA is o] (d\/? + VN T) -NE. O

D DiscussioN aABour LOOM AND ASSUMPTION 1

D.1 LOOM-RELATED DiscusSION

Example showing impact of arm feature distribution on LOOM. To illustrate how arm feature
distribution of agents plays out in our setting, consider the example of an online e-commerce platform
recommending sellers. When multiple sellers offer similar products, such as round-neck T-shirts
priced between $5 and $15, their corresponding arms (i.e., T-shirts) will have similar feature vectors. In
contrast, sellers offering distinct products, such as one selling T-shirts and another selling smartphones,
will likely have arms with very different feature representations. Suppose a seller offers a unique
product, for example, being the only seller of Apple products on the online e-commerce platform. In
that case, there is no incentive to misreport their features, as no competitors exist. Thus, misreporting
becomes strategically beneficial only when sellers offer similar products, in which case their arm
features are drawn from similar distributions, allowing LOOM to identify the misreporting agent.

Failure case of LOOM. The estimators used in LOOM cannot estimate directions orthogonal to the
available observations, e.g., estimating the mean reward of an arm using others in stochastic K -armed
bandits. However, these estimators are used solely to identify strategic agents and do not affect the
arm-selection strategy of the underlying contextual bandit algorithm. As a result, if a over-reporting
agent’s arm features occupy distinct regions of the feature space, LOOM may fail to identify the agent,
but the arm-selection strategy may remain unaffected due to the non-overlapping feature space.

Alternative to complete removal of over-reporting agent. When an agent over-reports its arm
features and is completely eliminated, such an event would be extremely rare in practice. If every
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agent were to persistently misreport, any mechanism prioritizing user experience would eventually
stop recommending such agents, thereby driving the platform’s reward to zero. This outcome is
not a flaw but rather a safeguard preserving user trust: continuing to recommend only strategic,
untrustworthy agents would ultimately diminish both reward and user engagement. An alternative
mechanism is that when an agent systematically over-reports, COBRA flags and temporarily removes
it. This mechanism discourages agents from gaming the system while restoring recommendation
quality and benefiting users and the platform. However, deriving theoretical guarantees for such a
mechanism may be non-trivial.

Agents with multiple arms. Our results generalize to the setting where each agent controls multiple
arms. LOOM maintains individual records of each agent’s reported arm feature vectors and reward
history for their respective arms, hence applying LOOM s statistical test independently to each agent
is possible. This allows LOOM to identify over-reporting agents whose optimistic/pessimistic reward
gaps exceed the threshold, even if the agent over-reports its different arms in distinct ways. As long as
Assumption 1 holds for each active agent, the regret and approximate equilibrium guarantees continue
to apply. Specifically, the regret bound remains O(dv/T + v/NT), where N denotes the number of
agents. For very large number of agents (/V), it may increase computational complexity and affect
regret bounds due to the v/ N term. Note that we can perform all the agents-related computations in
parallel as they are independent of each other.

Sub-optimal agent. We highlight that, for agents with suboptimal arms, truthful reporting and
over-reporting may lead to similar outcomes: either being ignored by the learner or being eliminated.
To address this challenge, a promising direction for future work is to incorporate fairness constraints
into the arm selection, thereby ensuring that even suboptimal agents have a chance of being selected.

D.2 DiscussioN ABOUT ASSUMPTION |

We believe that addressing strategic behavior in a contextual bandit setting without relying on monetary
incentives is a challenging and underexplored problem. There is limited prior work in the literature on
this topic, despite its many practical applications, e.g., online platforms where sellers may attempt to
manipulate the contextual information of their products to gain an advantage. Our key contribution is
the development of an approximately incentive-compatible property inspired by the VCG mechanism.
However, when an agent over-report arm features, all estimators used by LOOM become biased due to
the over-reported arm feature vectors as inputs. It happens because the misreported features distort the
overall feature distribution, creating mismatches between features and their corresponding rewards,
which in turn induces bias in the estimators.

In contextual bandits, estimators (such as those for the reward function parameters) rely on the
assumption that observed features and rewards are generated according to an honest, stationary
process. When agents systematically over-report by deliberately inflating feature values to increase
their selection probability, the samples collected by the algorithm are corrupted: the feature vectors in
the data do not match the ground truth. Our next result demonstrates that over-reported arm features
increase the bias in estimators used by LOOM that take them as input.

Lemma 8 (Biased-ness due over-reporting.). Using over-reported arm features increase the bias in
all estimators used by LOOM that take these arm features as input.

Proof. Without loss of generality, consider a linear reward function with an unknown true parameter
vector 0, € R%, where d > 1 is the dimension of the context-arm feature vector. At each round ¢, the
true feature vector associated with agent a is denoted by z7 ,. However, the agent may strategically
misreport their features as x; , in an attempt to appear more favorable, i.e., that is, to give the
impression of a higher expected reward, satisfying 0 ; , > ij;a Letn, = 0 x4, — GIx;ag >0
denote the difference in reward between the misreported features and the true features, where a, is the
agent selected in round s. Note that , = 0 when the agent reports truthfully. The ridge regression

estimator based on the observed data H; = {(%s,q.,Ys)}s<t is given by

-1
ét = </\I+ sz,asxlas> (Z xsv%ys) ’

s<t s<t

where A > 0 is the regularization parameter that ensures the matrix ) __, Ts.0,T, . is invertible.

87(1/\
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Since ys = GT g a. T E€s which depends only on the true context-arm feature vector, we can rewrite

itasys = o . Ts.a, — 1s + €5. Substituting this into the ridge regression estimator, we obtain:

—1
b= (M Sl ) (S 0T v,

s<t s<t

Lety. = 0] Zs,q, + €5 denote the noisy reward for the (possibly misreported) context-arm feature
vector x4, generated by the true reward function. Using this notation, we can rewrite the estimator

as:
-1
= ()\I + sz’asxla5> <Z Ts,a, (y; - 775)) .

s<t s<t

Expanding the expression, we obtain:

—1 -1
— </\I + sz,ast%) <Z xéayg> — </\I + sz,asmlas> (Z x&%ns) )

s<t s<t s<t s<t

Let 0; denote the ridge regression estimator computed using the misreported feature vectors {zs,. }s<¢
and the corresponding noisy rewards {y. }s<t, i.e.,

-1
0, = </\I+ szax:a> (Z xs,asyé> -

s<t s<t

Then, we can express 6, as:

-1
<>\I+sz 0«:, sas> Z(xs,asns)’

s<t s<t

where the term (A + >, _, #sa, 2, ) ZS <¢ (Ts,4,7Ms) represents the additional bias introduced
due to the misreporting of features. O

Some special cases of Assumption 1. The biased-ness due to over-reported arm features makes
it impossible to derive theoretical guarantees without introducing additional assumptions, such as
Assumption 1. To validate its practicality, we consider the following three cases:

Case 1. All agents report truthfully: When reported features are the same as true features, i.e.,
x = z* forall z € X, UCBy(x) is an upper bound of 6, = with probability at least 1 — § (or with
high probability, Lemma 2). As a result, first part of Assumption 1 holds, which is only needed to
prove our Theorem 2, and hence the NE and regret bounds of our proposed algorithm, COBRA, are
improved by a factor of /N compared to Theorem 5.1 in Kleine Buening et al. (2024).

Case 2. One agent can over-report while other agents report truthfully and linear reward function: In
Lemma 2, o is a non-decreasing function of ¢ that grows logarithmically, while [|z||,, -1 converges at
t

arate of 1/ Vi, leading to tighter confidence ellipsoid as ¢ increases. Thus, UCB;(x) is smaller than
UCB;,_, () for any x due to the use of additional observations from agent a. However, when an agent

a over-report its features, it leads to biased estimates of . Since the agent over-reports, §; becomes a
downward-biased estimator of 6, (Example 4.7 in Wooldridge, in which over-reporting features can
be treated as under-reporting rewards?). As a downward biased estimator leads to under-estimation
with the fact that «| \at||V;1 is smaller than o _g||x| |Vfla’ UCB,(z) is smaller than UCB, _,(z)

with high probability. If an agent keeps over-reporting, our proposed method, LOOM, will detect this
behavior and remove the agent from the active selection pool. Consequently, Assumption 1 first part
will hold as the remaining agents are truthful.

Case 3. Multiple agents can over-report: In this case, all estimators used by COBRA become biased,
making it impossible to derive theoretical guarantees without additional constraints. Our Theorem 4

3Wooldridge, J. M. (2010). Econometric analysis of cross section and panel data. MIT press.
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and Theorem 5 hold as long as Assumption 1 is satisfied. Notably, we impose no restrictions on how
agents report their features, aside from no collusion assumption, which is a common assumption in
VCG-type mechanisms (Vickrey, 1961; Clarke, 1971; Groves, 1973).

Relaxing this assumption remains an interesting direction for future work.

Comparison from existing literature. Kleine Buening et al. (2024) use agent-specific estimators
that detect over-reporting in linear contextual bandits. In contrast, our method takes inspiration
from the VCG mechanism (Vickrey, 1961; Clarke, 1971; Groves, 1973) and uses the observations
associated with other agents to identify the over-reporting of an agent. This key difference leads us to
use LCB; _, (¢ o) (pessimistic reward estimate using observations of all agents except agent a) while
Kleine Buening et al. (2024) use LCB, 4 (%1 o) (pessimistic reward estimate only using observation
associated with agent a) for detection.

Theorem 5.2 of Kleine Buening et al. (2024) holds under their Assumption 2 (holds only for linear
reward functions), which has the following consequence:

f(xfa) < UCBy o (74,ax) < UCBy 4, (2t,q,)
(see proof of Lemma E.5 on Page 27 in Kleine Buening et al. (2024)).
In contrast, our assumptions imply the following:
(@} 4e) < f(@tax) S UCBy(24,0r) < UCBy(24,4,) < UCBy _a(2t,a,)
which gives:
f(xf o) S UCBy(24,0;) < UCBy —q,(Tt,0,) = f(¥] ) < UCBt g, (Tt,a,)- (39)

Assumption 2 of (Kleine Buening et al., 2024) and our Assumption 1 share a key similarity: they define
the conditions under which some theoretical results hold (their Theorem 5.2 and ours Theorem 4).
These assumptions also lead to similar consequences, i.e., the maximum expected reward in any round
is upper-bounded by the optimistic reward estimate of the selected arm (or agent) computed using
the same agent(s) (i.e., UCBy q, (¢,4) and UCB, _g, (¢4,4)) as used in the mechanism for identifying
over-reporting agents. We emphasize that our Assumption | is not directly comparable to that of
Kleine Buening et al. (2024), as they provide conditions for the theoretical guarantees of algorithms
based on different underlying mechanisms.

We would like to highlight that detecting over-reporting using only an agent’s own observations may
be ineffective in practice, particularly when the true parameter 6, is unknown due to the absence of
any external baseline for comparison. In contrast, our VCG-inspired approach leverages observations
from other agents to identify over-reporting, making it more practical, as the targeted agent cannot
directly influence the detection mechanism.

Furthermore, we extend our analysis to a class of non-linear contextual bandit algorithms, where the
confidence ellipsoid around the unknown parameter 0, satisfies certain assumptions, and LOOM
can be used as a subroutine in linear contextual bandit algorithms to identify strategic agents. This
constitutes a new contribution within this setting.

Equivalence between Assumption 1 and Leave-one-out arm selection strategy. Assumption 1 is
equivalent to replacing the arm selection strategy in Step 5 of our proposed algorithm, COBRA, with
a leave-one-out (LOO) arm selection strategy defined as:

a; = argmax UCBy _,(z,4),
acA

where UCBy,_,(z+,,) denotes the upper confidence bound computed using a LOO estimator that
excludes the historical data from agent a, i.e., while calculating the UCBvalue for agent a, we use
only the data from other agents. However, the confidence bounds derived from these LOO estimators
are generally looser than those obtained using the data from all agents. We next prove the equivalence
between Assumption 1 and the use of the LOO arm selection strategy.

Lemma 9. When one of the agent over-report, having Assumption 1 results same the regret as using
LOO arm selection strategy.

Proof. For completeness, we first derive the consequences of over-reporting under Assumption 1
(also mentioned at the top of Page 19 in the Appendix) as follows. When an agent over-reports, the
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following inequality holds for the optimal arm @ q; in round ¢: f(a7 .+ ) < f(%¢,q;). Using part 1 of

Assumption 1, i.e., f (xt’a;) < UCBt(xt’a; ), which states that the upper confidence bounds remain
valid even when agents over-report, we obtain:

f(l’:,a;) < f(@t,ar) < UCBy (24,01 )-
Since COBRA selects arm a; over aj, i.e., UCB¢(2¢,4: ) < UCBy(24,4,), We obtain:
f(274:) < UCB(2tq,).
Using Part 2 of Assumption 1, i.e., UCB(z¢,4,) < UCBy _q,(%¢,q, ), We get:
f(x7 ) <UCBt o, (2t,a,)- (40)

When we use the LOO arm selection strategy a; = arg max,e 4 UCB; _o(z¢,4), the following chain
of inequalities holds under over-reporting:

f(xzaf) S f(xt,af S UCBufa; (xt,a;f)~
Since arm a; is selected, i.e., UCBy, 4 (71,07 ) < UCB¢, g, (24,4, ), We conclude:
f(x;a:) < UCBt,*at (xt,at)' (41)

Note that Eq. (40) and Eq. (41) are equivalent, Assumption 1 and the leave-one-out (LOO) arm
selection strategy lead to the same theoretical consequences, hence having same NE and regret
guarantees. O

To obtain an upper bound on the regret, we derive a key result that bounds the difference
UCBy, 4, (%t,a,) — f(2t,a;). These results are formalized in Lemma 4 for the linear reward
function and in Lemma 7 for the non-linear case. Importantly, our mechanism, LOOM, ensures that
truthful reporting is a dominant strategy for each agent when all others report truthfully. Therefore,
we do not adopt the LOO arm selection strategy as the default in COBRA, as the LOO strategy
under-performs the standard arm selection strategy currently used in COBRA when all agents report
truthfully. LOOM does not work in cases involving complex strategic behavior by agents, such
as when multiple agents collude or misreport together. Addressing these challenges by designing
new mechanisms will be a promising area of research at the intersection of mechanism design and
contextual bandits. We will leave studying these complex settings to future work, for which our work
can serve as a foundation.

E AbpbiTioNAL EXPERIMENTS AND DETAILS

This section provides additional details from Section 5, followed by further experimental results.

Strategic manipulations via feature adaptation. We want to highlight that our proposed algorithm,
COBRA, operates without prior knowledge of the specific nature of these manipulations, which we
model as equivalent to over-reporting. Under the assumption that the agent engages only in strategic
over-reporting, the objective is to identify any such over-reporting behavior. For feature adaptation,
the agent can strategically manipulate and optimize its features against the deployed algorithm using
only binary feedback (whether it was selected or not) in each round as follows: Assume 7, be the
true arm-features of agent n. The agent can over-report a feature & = x5 + nA, where A € R%is a
bounded perturbation such that ||A||2 < Apax and 7 is the learning rate. The agent’s goal is to learn
a manipulation strategy A using binary feedback that increases its probability of being selected. To
do so, the agent uses finite-difference stochastic gradient ascent update.

Experiments with non-linear reward. We also compare the performance of our proposed algorithm,
COBRA, for contextual bandit problems with non-linear reward functions. For this experiment, we
adapt problem instances with non-linear reward functions from those used for linear functions in
Section 5. We apply a polynomial kernel of degree 2 to transform the item-agent feature vectors to in-
troduce non-linearity. The constant terms (i.e., the 1°s) resulting from this transformation are removed.
As an example, a sample 4-d feature vector x = (x1, 22, 3, x4) is transformed into a 14-d feature vec-
tor: x’ = (w1, %2, 3, Ty, 172, T1 T3, T1T4, T2T3, TaTy, T3T4, T1T2T3, T1T2T4, T1T3T 4, $29€3$4)-
We also remove 1’s, which appear in the transformed samples. As expected, our algorithms COBRA
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based on UCB and TS-based contextual nonlinear bandit algorithms (prefixed with ‘n’) outperform
all the baselines (adapted to non-linear setting, also prefixed with ‘n’) as shown in Fig. 6. These
results are observed across various problem instances, where only the reward function is varied while
all other parameters remain unchanged, except for the number of rounds, which is set to 7" = 2000.
We further observe that COBRA with TS outperforms its UCB-based counterpart.
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Figure 6: Comparing the cumulative regret of COBRA with different baselines for problem instances
with non-linear reward functions.

Experiments with two strategic agents. We also conducted additional experiments involving
two type II strategic agents. In these experiments, we control the degree of over-reporting for one
of the two strategic agents as A, ~ N (Scale x A%, 0% ). The results (Fig. 7a—7d) show that as the
controlled over-reporting of the agent increases, the regret of COBRA also increases. The higher
regret is because the strategic behavior becomes harder to detect, and the over-reporting biases the
estimator used in arm selection. For the same settings, we also plot the maximum value of C' under
different levels of over-reporting for the two strategic agents. As expected, C' grows very slowly with
the number of rounds and remains almost constant, as shown in Fig. 7e—7h.
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Figure 7: Top row: Cumulative regret of COBRA vs. different level of two over-reporting agents.
Bottom row: Maximum value of C' vs. different level of two over-reporting agents.

Regret of COBRA vs. large number of agents (/V) and dimension (d). We conducted additional
experiments to evaluate the performance of our LOOM-based mechanism in higher-dimensional
settings and with larger numbers of strategic agents. Specifically, we considered the following scales:
number of agents N € {100, 200, 300,400, 500} and feature dimension d € {60, 70, 80,90, 100}.
Note that overall dimension of context-arm feature is 2d. When varying the number of agents, we
fixed the feature dimension to 50 and 100. As expected, the regret of COBRA remains sub-linear as
the number of agents increases (Fig. 8a-8b). Similarly, when varying the feature dimension, we set the
number of agents to 50 and 100. As anticipated, the regret of COBRA increases with the dimension,
since higher-dimensional problems require substantially more samples to estimate the reward function
accurately (Fig. 8c-8d). These results demonstrate the robustness of our theoretical guarantees, even
in complex, large-scale environments. For the same settings, we also plot the maximum value of C'
under different NV and d. As expected, C' grows very slowly with the number of rounds and remains
almost constant, as shown in Fig. 8e—8h.

34



Published at ICLR 2026 Workshop on Al for Mechanism Design and Strategic Decision Making.

25000

4= COBRA (UCB) [N = 50] 4 4 4—4————+——+ O T COBRA (UCB) [N = 501 -4~ COBRA (UCB) [d = 50] 80000 { =4~ COBRA (UCB) [d = 50)
- ¥~ COBRA(UCB) [N = mmEEHM ¥~ COBRA (UCB) [N = 100] . 80000 =~ COBRA(UCB) (d = 60] - -7~ COBRA (UCB) [d = 60] #”
D 20000 -+~ COBRA (UCB) [N = 200) 5 o000 | —+- COBRA (UCB) (N = 200] B -+- COBRA (UCB) [d = 70] ] o COMALCRa=T0) Attt
S - COBRA (UCB) [N = 300] 5 ~e- COBRA (UCB) [ = 300 5 o COBRA (UCB) [d = 80} Sh 0000+ COBRA(UCB) [d = 80)
O -4~ COBRA (UCB) [N = 400] I 4 COBRA (UCB) [N = 400] @ 60000 ~+ COBRA(UCB) [d = 0] o 4= COBRA(UCB)[@=901 o\ 00y yyy
€ 15000{ =+~ COBRA (UCB) [N = 500] & 6o000] -+~ COBRA (UCB) (M= 500] o< -+= COBRA(UCB) [d=100)  , 4 o o o sos o -+= COBRA (UCB){d = 100]
o o v g » o 4
2 2 2 2 0000
1 10000 © 40000 g 40000 ®
g E g g
€
E E o § 2000 5 2o
O o o 8]
o 3 o 0
3 W0 00 300 40 o0 § W0 w0 o a0 o G 1000 2000 3000 4000 5000 6 1000 2000 3000 4000 5000
Rounds Rounds Rounds Rounds

(a) Vary agents/arms (50) (b) Vary agents/arms (100) (c) Vary dimension (50) (d) Vary dimension (100)

20 — COBRA (UCB) (Scale = 501 —— COBRA (UCB) [Scale = 50] —— COBRA (UCB) [Scale = 50] —— COBRA (UCB) [Scale = 50]
— COBRA (UCB) [Scale = 100] —— COBRA (UCB) [Scale = 100] 51 —— COBRA (UCB) [Scale = 60] 2 —— COBRA (UCB) [Scale = 60]

15 —— COBRA (UCB) [Scale = 200] —— COBRA (UCB) [Scale = 200] — COBRA (UCB) [Scale = 70] —— COBRA (UCB) [Scale = 70]
COBRA (UCB) (Scale = 300] COBRA (UCB) [Scale = 300) COBRA (UCB) [Scale = 80] COBRA (UCB) [Scale = 80)

— COBRA (UCB) [Scale = 400] 1 — COBRA (UCB) [Scale = 400] 1 — COBRA (UCB) (scale = 90] 1 — COBRA (UCB) [Scale = 90]
05 — COBRA (UCB) (Scale = 500] — COBRA (UCB) [Scale = 500] — COBRA (UCB) (Scale = 100] — COBRA (UCB) [Scale = 100]

© 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000 6 1000 2000 3000 4000 5000 © 1000 2000 3000 4000 5000
Rounds Rounds Rounds Rounds

(e) Vary agents/arms (50) (f) Vary agents/arms (100) (g) Vary dimension (50) (h) Vary dimension (100)

Figure 8: Top row: Cumulative regret of COBRA vs. different values of NV and d. Bottom row:
Maximum value of C' vs. different values of N and d. (A) in captions implies either N = A or
d=A.

Computational resources. All the experiments are run on a Apple M3 Pro with 18GB memory.

Time and space complexity of COBRA. The computational complexity of COBRA is comparable
to that of standard contextual bandit algorithms, and it scales efficiently even when agents control
multiple arms, as discussed below:

Time complexity: The overall time complexity is dominated by the underlying estimation procedure,
which is identical to that of standard contextual bandit algorithms. LOOM requires computing a
Leave-One-Out (LOO) estimator for each agent. These LOO estimators are inherently parallelizable,
i.e., one can independently estimate each agent-specific estimator (trained on data excluding agent
1). This parallelism substantially alleviates computational burden, although the total computational
resources required still scale linearly with the number of agents.

Space complexity: The space complexity is likewise similar to standard contextual bandit approaches,
with the main additional overhead arising from maintaining /N separate LOO estimators.

F FRrREQUENTLY ASKED QUESTIONS

Question 1. Can the authors provide more intuition or empirical evidence on when Assumption 1(ii)
is likely to hold?

Answer. Assumption 1(ii) formalizes a monotonicity property of confidence-based estimators,
namely that incorporating additional (non-adversarial) data should not increase estimation uncertainty.
An analogous monotonicity property holds for kernelized and neural bandit models, in which posterior
variance typically decreases as more samples are observed. Empirically, we find that Assumption 1(ii)
is satisfied whenever a sufficient fraction of agents report truthfully and their feature vectors adequately
span the context—arm space; violations arise only in very early rounds with extremely limited data.
Finally, we emphasize that this assumption is required solely to establish regret guarantees under
arbitrary Nash equilibria (Theorem 4-5), and is not needed for incentive compatibility or for regret
guarantees under truthful reporting (Theorem 2-3).

Question 2. How sensitive is LOOM to the number of agents? What happens when only a few
agents are active?

Answer. LOOM uses data contributed by other agents to construct reliable leave-one-out estimates,
and its detection power improves as the number of truthful agents increases. When only a small
number of agents are active, excluding a single agent removes a substantial portion of the available
data, resulting in wider confidence intervals and more conservative behavior. In this regime, LOOM
may delay agent elimination but does not introduce false positives. Consequently, COBRA smoothly
degrades to standard contextual bandit behavior, and strategic agents can obtain at most a limited and
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transient advantage. LOOM is therefore most effective in the multi-agent regimes that motivate our
study.

Question 3. Is it possible for a strategic agent to misreport in a way that avoids elimination while
still gaining utility?

Answer. A strategic agent may attempt to introduce a small but persistent misreport that remains
within LOOM’s confidence bounds over finite horizons. However, any systematic bias accumulates
linearly in the LOOM test statistic over time. To avoid elimination with high probability, the magnitude
of misreporting must therefore decay on the order of O(1/4/S:(a)), which implies that the total

additional utility accrued through such behavior is at most O(+/T'). Consequently, while arbitrarily
small misreports cannot be statistically ruled out, they yield vanishing per-round gains and thus
preserve approximate incentive compatibility.

Question 4. How does LOOM behave when two agents collude or misreport symmetrically?

Answer. LOOM detects unilateral over-reporting through leave-one-out comparisons. If two agents
collude or misreport symmetrically, each agent’s reference set may include the other’s biased data,
potentially delaying or preventing detection; this reflects a fundamental limitation of peer-based
mechanisms. Nevertheless, such collusion does not yield cumulative gains exceeding O(\/T ), and
the learner’s regret remains sublinear under our assumptions. Addressing more general forms of
collusion would require additional structural assumptions (e.g., a minimum fraction of truthful
agents), which we leave for future work.
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