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ABSTRACT
We study how agents in a multi-agent system can reach welfare-
optimal consensus under strict communication limits. We propose
a gossip-based protocol that allows agents with heterogeneous pref-
erences to identify the welfare-optimal option while exchanging
estimates for only𝑂 (1) options, independent of the total number of
options 𝐾 . The algorithm converges almost surely on stochastically
connected interaction graphs and has provably bounded commu-
nication complexity on stochastically fully connected graphs. In
complex domains such as swarm coordination and decentralized
marketplaces, the optimal collective solution often substantially
outperforms most alternatives, producing a highly skewed social
welfare distribution. In such heavy-tailed settings, communication
complexity can even decrease as the decision space grows, showing
that scalable, welfare-optimal coordination can emerge in large
decentralized systems with minimal communication.
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1 INTRODUCTION
Decision making in multi-agent systems (MAS) is fundamentally a
problem of collective choice under limited information exchange.
As the number of agents and decision alternatives grows, achieving
outcomes that are socially efficient and informationally feasible be-
comes increasingly difficult. Each agent holds private preferences or
utilities, yet bandwidth and locality constraints prevent centralized
aggregation. This tension—between social welfare optimality and
communication efficiency—lies at the heart of collective intelligence,
and is central to domains such as distributed resource allocation [1],
swarm robotics [7], and autonomous negotiation among connected
vehicles [4]. Designing mechanisms that approximate social welfare

This work is licensed under a Creative Commons Attribution Inter-
national 4.0 License.

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 – 29,
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and
Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/JLER3835

under strict message limits is thus a key challenge at the intersec-
tion of decentralized coordination, social choice, and multi-agent
learning.

Classical approaches fall short in achieving socially optimal col-
lective decisions under communication constraints. Algorithms
such as distributed averaging [15] and gossip protocols [2] enable
scalable information aggregation, but they require agents to ex-
change full utility or state vectors, causing message complexity
to grow with the number of alternatives. Conversely, lightweight
schemes such as binary consensus and voter models [13] preserve
constant message size but are limited to majority or threshold de-
cisions, and thus cannot represent heterogeneous preferences or
welfare trade-offs.

In related learning-based settings, such as policy consensus [19]
and decentralized bandits [11], agents face the same fundamental
trade-off: rich decision spaces demand high communication, while
communication-efficientmethods collapse to low-expressivity choices.
None of these approaches provide a mechanism that simultaneously
achieves welfare-optimal aggregation and constant message com-
plexity, which is a central goal for scalable collective intelligence.

2 PROBLEM DEFINITION
In this paper, we study the problem of welfare-optimal consensus
in decentralized multi-agent systems: a setting in which agents
must collectively identify the alternative that maximizes aggregate
welfare. This framework unifies ideas from distributed consensus
and welfare economics, asking how much social efficiency can be
achieved when information transmission is fundamentally con-
strained.

Formally, letV = {1, . . . , 𝑁 } denote the set of agents andZ =

{1, . . . , 𝐾} the set of available options. Each agent 𝑖 ∈ V has a
utility vector 𝑢𝑖 ∈ R𝐾 , where 𝑢𝑖 (𝑧) represents the utility that agent
𝑖 obtains from option 𝑧 ∈ Z. The social welfare of option 𝑧 is then

𝑆 (𝑧) =
∑︁
𝑖∈V

𝑢𝑖 (𝑧).

We assume, without loss of generality, that the options are ordered
so that 𝑆 (1) ≥ 𝑆 (2) ≥ · · · ≥ 𝑆 (𝐾), and that there is a unique
optimal option, i.e. 𝑆 (1) > 𝑆 (2).

The goal is for agents to identify the welfare-maximizing option
𝑧∗ = 1 in a fully decentralized manner:

𝑧∗ = argmax
𝑧∈Z

𝑆 (𝑧). (1)

We assume that agents have knowledge about their own utility
𝑢𝑖 (𝑧) for each option 𝑧 ∈ Z, but they do not know the utilities of
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other agents. As a result, agents need to communicate with each
other in order to identify the welfare-optimal option 𝑧∗.

The goal of this paper is to show that gossip protocols can enable
welfare-optimal decision making with low communication com-
plexity, particularly when the social welfare distribution is highly
skewed. This work provides a pathway toward scalable welfare-
optimal decision making in large-scale, communication-limited
multi-agent systems. It also opens avenues for future research, both
theoretical (e.g., characterizing communication complexity for gen-
eral stochastic graphs) and applied (e.g., adapting and fine-tuning
the algorithm for practical applications).

3 CONTRIBUTIONS
We propose a gossip-style algorithm that achieves welfare-optimal
consensus with𝑂 (1) message complexity, independent of the num-
ber of options 𝐾 . The key idea is simple: rather than sharing infor-
mation about all 𝐾 options, each agent maintains and exchanges es-
timates only for a small subset of its top-𝐿 options—those currently
believed to yield the highest welfare. By restricting communication
to these 𝐿 options (𝐿 ≪ 𝐾), agents exchange a constant number
of estimates per interaction, achieving 𝑂 (1) message complexity
(in the number of estimates exchanged per interaction) while still
ensuring convergence to the welfare-optimal option.

Intuitively, the process functions as a focused gossip mechanism.
Each agent concentrates on its most promising alternatives, commu-
nicates them to others, and iteratively refines its beliefs as informa-
tion diffuses through the network. This mirrors how humans natu-
rally exchange information when identifying high-value choices
among many—asking, for instance, “What is your top choice?” or
“What are your top three?” Rather than exhaustively sharing every
option, attention and communication focus on the most promis-
ing few, accelerating convergence while minimizing overhead. Our
results formalizes this intuition.

A central analytical challenge is what we term Option Neglect:
showing that, even if no agent initially ranks the welfare-optimal
option 𝑧∗ among its top-𝐿 set, the consensus protocol can still dis-
cover 𝑧∗ and drive the population to select it. Our analysis formally
shows that the proposed algorithm is indeed able to overcome
option neglect.

Specifically, the main results of our analysis are as follows.
Novel Algorithm:We formulate welfare-optimal consensus as a

decentralized decision-making problem, in which agents with het-
erogeneous preferences collaboratively identify the socially optimal
option under strict communication limits, and provide a gossip-
based protocol that enables agents to identify the welfare-optimal
option by exchanging social welfare estimates of only𝑂 (1) options
per interaction.

Almost-Sure Convergence to Welfare Optimality: For any con-
nected interaction graph and any 𝐿 ≥ 1, the protocol converges
almost surely to consensus on the welfare-optimal option 𝑧∗, even
if 𝑧∗ is initially absent from all agents’ top-𝐿 lists. This resolves the
core information problem in decentralized welfare maximization:
discovering the global optimum through purely local communi-
cation without access to others’ utilities or global statistics, and
it overcomes the option neglect problem by ensuring that 𝑧∗ is

eventually identified as the welfare-optimal option, even if 𝑧∗ is
initially absent from all agents’ top-𝐿 lists.

Communication Complexity: For the minimal list size 𝐿 = 1, the
communication complexity of the proposed protocol scales as

𝑂

(𝐷 (𝐾) + 𝐸𝐶 (𝐾)
𝑀𝑆 (𝐾)

)
,

where 𝑀𝑆 (𝐾) = 𝑆 (𝑧∗ )−𝑆 (𝑧 (2) )
𝑁

is the per-agent welfare advantage
of the optimal option 𝑧∗ over the second-best 𝑧 (2) , 𝐷 (𝑘) measures
the dispersion of the private utilities 𝑢𝑖 (𝑧∗) of the welfare-optimal
option, and 𝐸𝐶 (𝐾) measures the initial “effective competition” from
sub-optimal options.

Inverse Scaling Law for Heavy-Tailed Distributions: Specifically,
when the distribution of the welfare values of the different options
is heavy-tailed (e.g., follow a Fréchet distribution), the protocol
exhibits an inverse scaling law: for 𝐿 = 1, the communication com-
plexity decreases as𝑂 (𝐾−2/𝛼 ) with the number of options𝐾 , where
𝛼 is the tail exponent. This holds under the assumption that the
variance of agents’ private utilities for any fixed option remains
constant as 𝐾 grows. Intuitively, as 𝐾 increases, the extremal sep-
aration between the welfare-optimal option 𝑧∗ and other options
grows faster than the local utility noise. The protocol exploits this
structure and efficiently amplifies these extreme-value signals to
identify 𝑧∗ with decreasing communication cost.

Taken together, these results provide the first consensus protocol
for MAS that combines optimality, decentralization, and constant
message size.

4 RELATEDWORK
This work builds on two main strands in distributed computing:
averaging-based consensus and decentralizedmulti-option decision-
making. Classical averaging algorithms, beginning with the DeG-
root model [5], establish that agents connected through strongly
connected networks converge through repeated averaging. Sub-
sequent work extended these results to synchronous, asynchro-
nous, and gossip-based communication settings [2, 14, 16]. While
these methods provide robust consensus guarantees, they typi-
cally require exchanging full 𝐾-dimensional state vectors, resulting
in 𝑂 (𝐾) communication per interaction. Communication-efficient
variants, including quantized consensus [3] and compressed dis-
tributed optimization [10], reduce message size but introduce ap-
proximation error and still scale linearly with 𝐾 , limiting their
ability to achieve exact welfare-optimal consensus.

Decentralized multi-agent bandit algorithms address distributed
learning under heterogeneous rewards [11, 20], but primarily target
regret minimization rather than welfare maximization or consen-
sus formation. Best-arm identification methods [6, 8, 9, 12] often
rely on centralized coordination or assume homogeneous rewards,
while most decentralized bandit approaches require sharing statis-
tics for all arms [18], incurring 𝑂 (𝐾) communication. Federated
approaches [17] reduce communication but depend on central ag-
gregation. In contrast, our approach achieves welfare-optimal con-
sensus with constant communication complexity independent of 𝐾
while remaining fully decentralized.
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