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ABSTRACT compensation [1, 6]. In contrast, we study a collaboration mech-
While Generative AI (GenAl) systems draw users away from (Q&A) anism that does not rely on monetary transfers and treats both
forums, they also depend on the very data those forums produce sides as strategic agents with distinct utilities. Concretely, we con-
to improve their performance. Addressing this paradox, we pro- sider a non-monetary exchange of goods: a GenAlI provider routes
pose a sequential interaction framework in which a GenAlI system questions it fails to resolve to a forum, and the forum selectively
proposes questions to a forum that can publish some of them. Our publishes those questions, enabling human experts to answer them.
framework captures several intricacies of such a collaboration, in- This can generate valuable supervision signals for GenAl while
cluding non-monetary exchanges, asymmetric information, and restoring engagement and traffic for the forum. A key constraint is
incentive misalignment. We instantiate the framework via large- that such collaboration must respect confidentiality: GenAl providers
scale simulations on Stack Exchange data and open-source LLMs. may not want to reveal their full set of uncertain queries, and fo-
We demonstrate the incentive misalignment empirically, yet show rums may not want to reveal their curation policy.
that players can achieve about half of the estimated full-information To address this challenge, we model the collaboration as a re-
benchmark. Our results highlight the potential for sustainable col- peated two-stage interaction. In each round, the GenAI provider
laboration. proposes a limited set of candidate questions for publication, and the
forum applies a selection rule to decide which questions to publish.
KEYWORDS Our work makes several key contributions toward understanding
. . . . and modeling the interaction between generative Al systems and
Generative Al; Strategic Behavior; Collaboration Q&A forums% & Y
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framework that models GenAl providers and Q&A forums as strate-
1 INTRODUCTION gic parties, each optimizing distinct yet interconnected utilities.

e Data-driven game simulation. We empirically instantiate
the proposed framework through large-scale simulations of a re-
alistic GenAI-Forum game, using real data from multiple Stack
Exchange communities and open-source LLMs. Our analyses reveal
a systematic misalignment between GenAl’s improvement potential
(perplexity) and forum engagement value (view counts), supporting
a strategic-interaction view (rather than a single-objective opti-
mization). Our findings demonstrate that adaptive, game-theoretic
interaction can produce substantial mutual gains even under asym-
metric information.

Online Q&A forums are facing a participation decline as users
increasingly rely on generative Al for immediate answers. For in-
stance, Stack Overflow saw a sharp drop in posts following Chat-
GPT’s release [5]. This trend is not only a community-level chal-
lenge. It is also a systemic risk for GenAl itself, since Q&A forums
supply high-quality human data that is widely used for training,
evaluation, and benchmarking of large language models [2, 4, 9, 12].
A sustained decline may therefore weaken the knowledge sources
that GenAlI depends on, creating an adverse feedback loop.

Most proposed responses frame the relationship between GenAl
firms and forums as adversarial, focusing on data restrictions or

2 PROBLEM FORMULATION

We consider two players: a GenAl provider (Player G) and a forum
(Player F). The interaction proceeds for T rounds. Each round ¢
@ This work is licensed under a Creative Commons Attribution Inter- . .

@ = national 4.0 License. has two stages. In Stage I, Player G receives a candidate pool QO
and submits a subset A; C Q; with |A;| < M (where M < |Q;]).

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems In Stage 11, Player F observes A; and applies a selection rule R

(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 — 29, . . .
to produce the published set S; = R(A;), subject to a capacity

2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and
Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/STKG8016 constraint |S;| < K.

I The full paper is available online [7].
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Figure 1: Perplexity vs Views for LLaMA 3.1 8B-Instruct and
the Ubuntu community data.

Each published question q yields utilities Ug(q) and Ur(q) for
Players G and F, respectively, which are privately known. We ex-
tend utilities to be additive over sets, so that the cumulative utilities
are U (A, R) = Xse(1) Us(Sy) for A = (A, ..., A7), and similarly
Ur(A,R) = Xerr] Ur(S:) for Player F.

2.1 Full-information and Estimated Utility
Recovery Rate

To contextualize achievable performance, we define an idealized
full-information cooperative benchmark. In round ¢, if both utilities
and the full pool Q; were known, a natural cooperative objective is
the Nash product [15], i.e., picking S} € argmaxsco,, |sj=k Uc(S) -
Ur(S). We prove that finding S} is NP-hard, and thus resort to
heuristic solutions. We estimate the optimal collaborative solu-

tion by Us = maxpueq Ug(Sy) for Player G and similarly Ur
maxpcq Up(Sp) for Player F, where H is a set of efficient heuristics.
Consequently, we define as our benchmark the Estimated Utility

Recovery Rates (EURR)

Us (A, R)
Us

3 EXPERIMENTAL SETUP

We instantiate the framework using data from five distinct Stack
Exchange communities and open-source LLMs. We use 396,408
questions from five Stack Exchange communities, merged into a
single time-aligned corpus. The interaction is simulated over weekly
rounds from July 23, 2024 to July 23, 2025. For each round ¢, we
construct the candidate pool Q; as the set of questions posted during
that week. The same questions in Q; also provide the raw signals
from which we compute both players’ utility proxies (defined next).

We proxy Player F’s utility by (normalized) view count. Player F
has a capacity constraint: at most K = 50 questions can be published
perround, ie., |S;| < K.For Player G, we evaluate three open-source
LLMs: Pythia 6.9B [3], LLaMA 3.1 8B [14], and LLaMA 3.1 8B-
Instruct [11]. To the best of our knowledge, all evaluated models
were released before the start of our data window (July 23, 2024) and
thus could not have been trained on the Stack Exchange questions
we use, reducing data contamination risks. We proxy GenAl utility
by perplexity computed over the first 64 tokens (title + question
content). Higher perplexity indicates higher model uncertainty [10,
17, 18] and correlates with prompt failure [8], OOD detection [16],

Ur(A,R)

Ur

EURRg = ,  EURRp= (1)
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Table 1: Performance under asymmetric information.

LLM Strategy EURRr EURRG
Pythia 6.9B G-Greedy 0.55 0.505
Pythia 6.9B G-Utllity  0.664  0.521
Pythia 6.9B Random 0.489 0.123
LLaMA 3.1 8B G-Greedy 0.4 0.377
LLaMA 3.1 8B G-Utility 0.555 0.463
LLaMA 3.1 8B Random 0.45 0.113
LLaMA 3.1 8B-Instruct  G-Greedy  0.475 0.416
LLaMA 3.1 8B-Instruct ~ G-Utility 0.6 0.5
LLaMA 3.1 8B-Instruct Random 0.482 0.115

and informative data selection [13].2 We assume M = 100, i.e.,
Player G can propose at most |A;| = M questions per round.

We consider the following strategies for Player G: G-Greedy
(top perplexity), G-Utility Maximization (maximize Us(q) - 7(q),
where 7 estimates Pr(q € S; | g € A;) from observed accept/reject
feedback), and Random. For Player F, we construct R using a
classifier learned offline C and threshold 6, ie., S; = R(A;) =
Topy {q € A; : C(q) > 0}. Finally, we compute the EURRs (Equa-
tion (1)) by estimating Ur and Ug via an idealized cooperative
experiment in which players jointly select S;.

4 RESULTS

Misalignment evidence. Across domains and models, perplexity
(GenAl utility proxy) exhibits a weak negative association with
normalized views (forum utility proxy). The trend is exemplified
in Figure 1, where each point corresponds to a single question
(with its perplexity on the vertical axis and normalized view count
on the horizontal axis), and the reported Spearman coefficient is
consistently negative across domains (—0.11 in this example). It
indicates that questions that are most uncertain for the LLM are not
typically the ones that maximize forum engagement, motivating
the need for strategic interaction rather than naive maximization
of a single objective.

Interaction outcomes. Table 1 reports utilities and EURR values
for the asymmetric-information interaction under different Player G
strategies and multiple LLMs. Across all evaluated LLMs, G-Utility
yields the strongest performance for both players relative to G-
Greedy and Random. For the forum, G-Utility increases nor-
malized views substantially, reaching EURRF values between 0.555
and 0.664. For the GenAl side, G-Utility also improves cumulative
perplexity and achieves EURR between 0.463 and 0.521. In con-
trast, the random baseline yields very low GenAI utility recovery
(EURRG =~ 0.11-0.12) and does not reliably improve forum engage-
ment. Overall, these results indicate that even under asymmetric
information and incentive misalignment, a simple adaptive policy
recovers 46% — 66% of the estimated benchmark.
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2While high perplexity might reflect low-quality or noisy inputs, we assume such
cases are relatively rare in our setting, given the platform’s active moderation
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