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Abstract

Large Language Model-based Multi Agent Sys-
tems (LaMAS) have emerged as a powerful
paradigm for complex task solving, yet most ex-
isting approaches rely on pre-defined workflows
or centralized orchestration that leverage control
over agent selection, invocation frequency and
compensation. Scaling LaMAS requires agents to
operate autonomously, strategically communicate,
behave collaboratively and be driven by economic
incentives, much like humans in society. To-
wards this vision, we propose AgentSociety,
a mechanism that enables decentralized agentic
collaboration grounded in liquid democracy and
information diffusion from social choice theory.
We show that AgentSociety provides an en-
vironment for agents to make autonomous deci-
sions utilizing their local context to maximize
their utility while achieving collective outcomes
through incentivized collaboration. Specifically,
we prove that delegation to more competent neigh-
bor agents is incentive compatible and naturally
generates multi-agent routing path by consensus.
Additionally, our mechanism incentivizes agents
to selectively disclose information to their neigh-
bor agents when doing so aligns with their self-
interest, so as to garner influence. We characterize
the Nash Equilibrium showing that agent payoffs
are reflective of their marginal contributions. We
evaluate social intelligence of open and propri-
etary state-of-the-art language models deployed
in AgentSociety against best response. Fi-
nally, we evaluate collaborative performance from
consensus-based routing among self-interested
heterogeneous agents in AgentSociety on
real-world datasets.
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1. Introduction

Multi-turn conversational approaches have demonstrated
significant performance gains in language generation and
reasoning compared to zero-shot methods (1; 2; 3; 4; 5).
Building upon these advances, the combination of increas-
ingly capable language generation with structured function
calling and tool use has led to the emergence of LLM-based
agents (6; 7). A natural but largely naive extrapolation
of multi-turn conversational paradigms to agent-based set-
tings has shaped much of the current research in LLM-
based Multi-Agent Systems (LaMAS) — the exchange of
information among agents either with predefined workflows
(8; 9; 10) or a centralized framework generating the work-
flow (11; 12; 13) — while treating it as an end in itself for
improved task performance. However, autonomous enti-
ties such as agents endowed with non-trivial capabilities,
much like humans, are inherently strategic in order to maxi-
mize their utility: they must reason not only about what to
communicate, but also about when, why, and how commu-
nication supports higher-level collective objectives. Conse-
quently, communication in LaMAS should not be treated as
an isolated conversational process, but rather as an economic
goal-driven operation embedded within broader collabora-
tion structures among heterogeneous agents to achieve a
collective outcome. Therefore, we echo

Agents are not agents by virtue of the fact that they communi-
cate; they cannot be called social because they communicate
but the other way around: they communicate because they
are social - (14)

A clear parallel can be drawn to humans in society,
where effective collaborations are formed by operating au-
tonomously and strategically with locally available informa-
tion, typically achieving rewards proportional to incremental
contributions. More concretely, society enables humans to
operate in a social manner, wherein optimizing for their
own utility incentivizes strategic collaboration with their
contacts, with collective outcomes largely being aligned to
societal progress. To incentivize such behavior in agents,
we propose AgentSociety, an incentive mechanism that
enables autonomous social decisions by each agent. The
autonomy is reflected in the agent’s action space, as all
actions are performed using local context and only if in
its self-interest. AgentSociety aligns self-interested
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agent actions towards successful collective outcomes for
user requests by associating key characteristics of agentic
settings with mechanism design. AgentSociety is a
decentralized, topography-agnostic framework leveraging
incentivized hops for global knowledge and consensus while
being inherently adaptive at runtime to evolving graph struc-
tures. By ensuring economically grounded, outcome-driven
payoffs, it facilitates scalable autonomous collaboration and
establishes a foundation for an open, heterogeneous, and
fair agent economy (15; 16).

Specifically, we leverage principles of information diffu-
sion from auctions (17) and liquid democracy from so-
cial choice theory (18; 19; 20) to theoretically ground
AgentSociety. The delegation objective for an agent
is to either maximize its own probability of selection to
perform a user request — conditioned on its intrinsic com-
petence and local network topology — or, failing that, to
maximize its utility as a critical intermediary in the delega-
tion path of a more suitable peer, as payoffs are contingent
upon participating in the final successful routing path. The
transitive delegation paths naturally provide feasible multi-
agent routing paths, with the user request served by the path
with highest accumulated votes. In order to garner votes of
their neighbors, agents strategically and selectively diffuse
information to their neighbors if in their self interest. The
diffusion objective is formalized as a strategy of minimally
sufficient information disclosure, signaling only the requi-
site threshold to achieve maximal expected utility. Overall,
as the payoff is economically fair and conditional on the
complete request being successful, agents across different
tasks are incentivized to collaborate to obtain best possible
(partial) view of the global state, thereby enabling decen-
tralized multi-agent multi-task routing in heterogeneous
LaMAS, where constituent LLMs are powered by compet-
ing providers. Overall, our major contributions include -

1. Mechanism design for collaborative LaMAS. We
present AgentSociety, a novel incentive mech-
anism for LaMAS grounded in auctions and social
choice theory wherein self-interested heterogeneous
agents are required to collaborate to maximize their
utility. We show that AgentSociety involves
an interplay of vote delegation with strategic self-
interest driven peer information diffusion, governed
by an overarching payoff design

2. Consensus based request routing. We prove that
delegation of an agent’s vote to more competent
neighbor is incentive compatible, thereby ensuring
that consensus driven routing paths for user requests
naturally arise through delegation chains within and
across tasks, even in the presence of multiple hetero-
geneous agents with similar or overlapping capabili-
ties, which is reflective of practical agentic scenarios

3. Fair and marginal payoffs. Agents receive payoffs

that is fair and representative of their marginal con-
tribution, conditioned on their strategic actions. At
Nash Equilibrium, we show that the payoff is rep-
resentative of an agent’s true marginal contribution
over the system

4. Social intelligence benchmarking. We evaluate
the social reasoning of several open and proprietary
LLMs deployed in Agent Society against best re-
sponse on competence reporting, collaborative infor-
mation diffusion and incentive compatible delegation
dimensions

We discuss related work in § A

2. Setup

We model a multi-agent system as an undirected graph
G = (V,E), where V is a set of agents and E rep-
resents communication links between them. An LLM
agent v; € V is defined by four components: v; =
{base;, state;, tools;, role;}, where base;: the base lan-
guage model. state;: the agent’s internal state, represent-
ing its memory and context, fools;: the set of external
tools the agent can access, role;: the agent’s specialized
role within the system. Graph G has a societal-inspired
community structure, with agents belonging to one of k
communities C1,Co,...,C), wherein belonging to the
same community represents similar capabilities in terms
of role and tools albeit with varying competence, such that
V=U,C, CnC;=0fori# j. The edge set E
is partitioned into: F = Fiyry U Eiger, Where e, € Finga
if agents u and v belong to the same community and
eu,w € Pinwr if they belong to different communities.

Definition 2.1  (Partially = Observable  Stochas-
tic Game). A POSG is a tuple G =
<N7 Sa {Ai}ie/\/v Ta {Pi}iGNa {Oi}iGNa Oa 7> » where

N = {1,...,N} is the set of agents. At each step,
given state s € S and joint action a € A = [], A;, the
environment transitions via kernel T'(s' | s,a). Agents
receive private observations o € [[, O; according to
O(o | ', a) and individual payoffs according to P;(s, a).

User requests in Agent Society reach all agents v; € V
via broadcast where a splitting agent (£2) handles request
Q; dissemination Q(Q;) = [t1,ta,..., ;] as an ordered
sequence of tasks. Each agent evaluates and performs self-
interested strategic delegation and diffusion actions. Delega-
tion involves transferring its assigned vote to another agent
for the current request, while information diffusion pertains
to transferring information about its capabilities when in its
self-interest. Diffusion can occur across any edge e, , € F
while delegation is restricted to edges €., € Finra.
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Figure 1. The user request reaches all agents in AgentSociety via broadcast and qualified agents participate. For each task, agents
having similar capabilities arrive at task allocation by consensus as depicted to the left. The winning path C —+ D — H — G (denoted
in green) with the maximum votes performs the user request with a competence delivered as Airline D booking with 2% rewards. As
depicted in the center, agents then perform social action in their self interest. Since Agents B and F did not perform the task when they
were competent, it is in their self-interest to selectively diffuse information to A and E, G respectively. As a result of this social action, any
similar future request would now be served by the winning path (higher votes) B -+ A —+ E — F — G (denoted in green) on the right
delivering the user request with increased competence of Airline D with 5% rewards, delivering a win-win-win for user, agent performing

the task and the intermediaries.

3. AgentSociety Mechanism

The objective of the mechanism is to facilitate decentral-
ized collaboration among self-interested agents to optimize
user request execution. Upon receiving query Q(Q;) =
[t1,t2, ..., tm], each agent i € N is eligible to participate
in task ¢; € Q if and only if i € T;,, where T, C N
denotes the subset of agents capable of executing ¢;. The
mechanism is structured across five components: the agent
state space encoding competence on capabilities and interac-
tion history, the agent delegation and competence reporting,
computation of the delegation-based routing path and pay-
offs, resulting payoff observations by agents, and social
diffusion action through which agents garner influence to
affect future delegation, as illustrated in Fig. 1.

3.1. State Space

The system state s” € S at step 7 is a tuple: s7 =
({Ci}i€N7 {Clj;z'}ie/\/,ke/\/(w {HfT}ieN), comprising
four components. First, the vectors {c; € C*};car are the
intrinsic competences of all agents across k task classes;
these are private to each agent and never directly revealed
to the ledger or to peers. Second, C;I” = {é;;i}7/<7
is the history of competence signals that neighbor £ has
diffused to agent ¢ in all prior rounds; this history deter-
mines ¢’s current belief about k’s capabilities and directly
shapes 4’s delegation decisions. Third, IT<™ = {P7 },/,
is the history of payoffs realized by agent 7, which encodes

the cumulative feedback on the quality of i’s prior strate-
gic reports, delegation and diffusion behavior. The state s™
is never fully observed by any single agent. Each agent ¢
observes its intrinsic competence c¢; and its own payoff his-
tory IT=7, but can only access the competence of neighbor
k through the signals C,f:m that k£ has chosen to diffuse,
signals that are, in general, strategically compressed below
k’s intrinsic capability (§ 3.4). The joint state transition
sTT1 ~ T(- | s7,a") is driven both by the agents’ strategic
reports and by the diffusion actions, with agents seeking to
maximize their cumulative payoff.

3.2. Agent Delegation Action and Strategic Competence
Reporting

Each capable agent 7 € 7;, submits a strategic delegation
action tuple (c}, v;, ;) to aledger for payment computation
for request ;. The reported competence vector ¢ € C*
is the agent’s declared task capability, which may strate-
gically deviate from its intrinsic competence c;. The del-
egation decision v; € N U {retain} determines whether
agent ¢ retains its single allocated vote or transfers it to a
neighbor k& € N (4). Votes follow transitive delegation: del-
egating transfers both the agent’s own vote and all votes
it has previously accumulated, so that vote counts com-
pound along delegation chains. The strategic character of
(¢}, v, ;) arises from the information asymmetry encoded
in the state space: because intrinsic competences c; are la-
tent, the delegation decision v; is made on the basis of the
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diffused signals C,f; , received from neighbors rather than
ground-truth knowledge, and the reported c; is chosen to
maximize expected payoff given these , further elaborated
in § 4. To ensure aligning global goals to individual incen-
tives, we prove incentive compatibility in delegation to more

competent neighbors.

Theorem 3.1 (Incentive Compatibility in Delegation). In a
rational system, for any agent i € N, suppose there exists
a neighbor j € r7 such that c¢; " > c¢;y,. Then, for
any joint action profile a” ; of the remaining agents, the
optimal delegation choice of agent i satisfies v] # i. More
precisely, letting al (j) = ((cfl, .. .,céfk), ti, 3, 7, h:)
and a7 (i) = ((¢j7, ..., ¢i3), ti, 4, r7, BT ), we have:

u,;(a[(j), azi) > ui(aZ(i), aT_,;).
We refer the reader to § B.2 for the complete proof.

3.3. Consensus based routing paths and critical nodes

All self-interested decisions {(c}, v;,7;) }ienr from agents
are aggregated to produce the routing path and compute
agent payments, by a ledger that is a transparent, non-
coercive aggregator and whose operation is known to agents.

Consensus Based Routing paths. An agent that retains
its vote is called a guru g € Gy, for task t;. The set D(g)
denotes all agents whose votes transitively flow to g, with
total vote count V' (g) = |D(g)|+ 1, and this delegation path
forms the routing path for a single task. To extend a routing
path from task ¢, to task ¢5 1, the ledger identifies the rep-
resentative delegate d* = argmaxgcp(g) > >k cldtj , the
member of g’s delegation pool with the greatest reported
cumulative competence over downstream tasks. If d* has de-
clared a connection to some u € T, ,, the path is extended
to the corresponding guru g’ € Gy of u, with (d*, u) serv-
ing as a bridge across task classes, and the path vote count
updated as Vian <= Vpa + V(¢’). This procedure is applied
iteratively across (). A path is feasible if it maintains a chain
of connected gurus across all tasks, and the ledger selects
P* = argmaxpecr Vpan 0Over the feasible set IF.

Critical Agents and Payoff Computation. To compute
payments reflecting marginal contribution, we identify
agents whose delegation decisions are indispensable to P*.
For any v € P*, consider the counterfactual in which v
retains its vote, and let P (v) be the resulting feasible path.
Agent v is critical if P} (v) is the counterfactual winning
path. C = { v € P* | P (v) is the winning path} is the set
of all such agents v.

Theorem 3.2 (Critical Chain). For each task ty, the crit-
ical set Cy,, = {v € C | v € Ty, } forms a contiguous
delegation chain in which each agent delegates its vote to
the next agent in the sequence.

We refer the reader to § B.1 for the proof.

LetC;, = (v1,v2,...,Vn—1,0, = g) be the ordered critical
chain. The payoff to v; € Cy, is:

L, sy (f(h) = F(ci1)), if v; € D{\ {g},

e+ iy, ey (F(eh) = f(cioy)), ifvi=g, (D
0, if v; ¢ Dy

pta) (v;) =

where f(-) is a monotone scaling function, c is a base execu-
tion cost, and I equals —1if ¢ ; > ¢; and o > 0 otherwise,
penalizing irrational delegation to a less competent agent.
The aggregate property Eviectk p®) (v;) = ¢+ f(c,) pins
the user’s total cost for task ¢ to a function of the com-
petence of the executing guru. The infeasibility penalty
P (vi) = a>,,, ¢ is levied when an agent declares
an infeasible connection, so as to reliably extend delega-
tion paths across tasks. The auxiliary misreporting penalty
pms(v;) = azvi/ED;k min(0, ¢, — ¢;""*) penalizes
misreporting of competence to the ledger. We distinguish
between permitted strategic signaling and penalized mis-
reporting based on intrinsic capacity and prior informa-
tion flow. A report ¢; > ¢; is considered strategic and
non-penalized if a delegated neighbor j possesses suffi-
cient competence (¢; > ¢;) and has previously diffused a
claim ¢é; > ¢;. This allows agents to safely leverage the
verified potential of their neighborhood. Conversely, re-
porting a competence that exceeds both intrinsic capacity
and the previously diffused capabilities of all neighbors is
classified as misreporting. Critically, this can be verified
by the ledger through the competence reports while deter-
mining the payoff. Therefore, the total payoff is given by:

ploal(v;) = Ztker(tk)(vi) — pis(v;) — pif(u;).

3.4. Agent Observations and Diffusion Actions

The peer information exchange is performed by each agent
when in its self interest and potentially conditioned on the
payoff observed. This information diffused influences future
delegation outcomes.

Payoff. Once the ledger resolves P* and computes pay-
ments, each agent ¢ receives a private observation: OZ+1 =
(Pif, {e1,., m};}keN(i)), comprising two components.
The first is a realized payoff P is feedback on the effective-
ness of agent ¢’s strategic reports (c}, v, 7;) in the resolved
allocation: it signals whether i’s delegation decision was
competitively positioned and whether its competence re-
ports were sufficient to secure influence in P*, updating the
payoff history II; in the state. The second is information
received through diffusion actions by neighbors.

Diffusion Action. Each agent i executes a social diffu-
. . o . L J
sion action: h] = {(z = Jy € mi)}je”, where
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éL 7 ‘
neighbor j and m] € M is an accompanying private mes-
sage. The incoming diffusion signals {&}_,;, m} ken ()
are the outputs of each neighbor k’s social action h], and
constitute the sole channel through which agent 7 can form
beliefs about the capabilities of its neighbors. Unlike the
ledger report cf, the diffused signal €]_, ; carries no direct
payment consequence. Its purpose is entirely prospective:
by shaping what neighbor j observes, agent ¢ influences j’s
future delegation decision v; and therefore its own future
vote accumulation and payoff. The central tension in the
diffusion channel is between influence and exposure. An
agent k benefits from attracting delegation from neighbor ¢,
but fully revealing its true competence cy, allows ¢ to form
accurate beliefs that diminish k’s payment in future rounds
given by Eq. 1, elaborated further in § 4. We characterize
the Nash Equilibrium across the delegation, diffusion and
strategic reporting dimensions, wherein each agent receives
payoff representative of their true marginal over the system.

€ CF is the competence signal agent i transmits to

Theorem 3.3 (Nash Equilibrium Reporting, Diffusion, and
Delegation). At a Nash equilibrium action profile a =
(ai)ien, the following conditions hold for every agent
ieN:

i

’i Ct;» lfUi = i:
Reporting: c;. = . .
p 8 ti max ¢y, ifv; #1,
veS(i,v4)
i g 1j ri
. ¢, ifcy >
. . — ) t ti» .
Diffusion: ¢]”" = - " Vi€, (2)
Ctﬂ lfcti S ctiv
iy l:fci > d’ia

Delegation: v; = i 5
8 ’ argmaxc] ', ifc; < di,
JET; v

where d; = maxje,, ¢] " and S(i,j) = {v € N | v €
reach(i) and VP € Pj_,, i € P} where reach(i) denotes
the set of agents reachable from i, and P;_,, denotes the
set of all directed paths from j to v in the graph.

We refer the reader to Appendix B.4 for the complete proof.
We provide the AgentSociety pseudo-code in § D.

4. Mechanism-Induced Collaborative
Dynamics

We describe the interplay of Diffused Competence and Re-
ported Competence induced by our mechanism. Agents op-
timize a neighbor-specific disclosure to signal competence
while minimizing opportunity costs via private communica-
tion A}, € H. The strategy therefore is: agent £ diffuses the
minimum signal sufficient to secure ¢’s delegation given 4’s
current beliefs about the competitive landscape. Formally,
the equilibrium diffusion satisfies: ¢;_,, = ¢; + ¢, strictly

dominating 7’s self-reported competence by the smallest
margin € > 0 that triggers delegation, rather than disclosing
c,. Agent i, observing a superior signal from k, delegates to
k given incentive compatibility and updates its ledger report
accordingly to be ¢; + €; while agent k reports its intrinsic
competence ¢ to the ledger and captures the payment differ-
ential described in Eq. 1. Therefore, agent i’s beliefs about
neighbor capabilities are strategically downward-biased un-
less required to be higher: the accumulated history C,f; ,in
the state reflects not intrinsic competences but the sequence
of influence bids that neighbors have found it strategically
optimal to reveal. This selective signaling mechanism in-
herently induces: (i) Dynamic Calibration, where agents
incrementally increase disclosure intensity only upon fail-
ure to attract delegation; (ii) Persistent Interaction, where
stable signaling channels transform private informational
advantages into long-term utility; and (iii) Informed Del-
egation, where private states provide the requisite local
context for consensus-based routing. The system, therefore,
discovers incentivized routing paths that provide higher
performance to the user request and the intermediaries are
rewarded by their ability to declare higher than their in-
trinsic capability and is not considered misreporting as this
increased competence can be achieved by delegating its vote
to the more competent neighbor, making it a win-win-win
for the intermediary, more competent neighbor and the user.

5. Experimental Results

We conduct a comprehensive empirical evaluation of
AgentSociety to demonstrate its efficacy in facilitat-
ing decentralized, consensus-based routing for user requests.
Our analysis centers on the emergence of incentivized global
information flow driven by the utility-maximizing strategic
behavior of individual agents, where we characterize the
mechanism, benchmark LLM agents on social intelligence
and demonstrate that our mechanism enables self-interested
autonomous agents to provide improved performance on
real-world datasets through consensus-based routing.

Mechanism Characterization. We characterize
AgentSociety with heterogeneous agents (up to 30)
under best-response dynamics (please see § B.3 for proof)
across diverse graph topologies. Fig. 2 (top) illustrates that
local utility maximization facilitates competence discovery,
wherein self-interested delegation drives the network toward
the global performance frontier. Mechanistic analysis (for
node 10 in § E.1) reveals that payoffs are non-monotonic
with respect to information diffusion: under-diffusion fails
to establish leverage and ability to receive a payoff, while
excessive diffusion erodes the agent’s marginal value as
showin in Fig. 2 (bottom). These results demonstrate that
AgentSociety successfully aligns individual incentives
with collective efficiency, transforming a decentralized
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set of self-interested actors into a robust discovery engine
that optimizes system-wide utility. We provide further
experimental setup details in § G.1.
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&
°
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Iteration

Diffused Votes In Feasible In Winning  Payoff
Competence Garnered Path Path Received
i0.5 0 X X 0
0.5 1 X X 0
0.6 2 v X 0
0.7 4 v v 0.2
0.8 9 v v 0.1

Figure 2. Characterization of AgentSociety. (Top) Averaged
over multiple graph configurations and competences, we demon-
strate the mechanism driving user realized competence (green)
higher through incentivized diffusion by intermediaries, reflected
by their increasing payments (red). (Bottom) Impact of information
diffusion intensity on routing outcomes for a node to demonstrate
that strategic disclosure is necessary

LLM Agent Social Intelligence. We utilize
AgentSociety to empirically characterize the strategic
behavior of LLM-based agents in terms of their capacity
for selective information disclosure and the calibration of
competence reports in response to neighbor signals. This
framing positions AgentSociety as a dual-purpose
analytical tool: a diagnostic benchmark for individual
LLM alignment with strategic optima, and a principled
framework for evaluating the collaboration and aggregate
performance of heterogeneous societies in real-world tasks.
On the former, LLM agents are presented with the system
prompt elaborating on the working of AgentSociety
and a user prompt to obtain the LLM agent’s response
to delegation and diffusion (please see § H for prompts).
The LLM agent observes payoffs given by Eq. 1 with «
set to 100. We quantify LLM behavioral divergence from
the best-response equilibrium across two granularities in
the presence of other best response agents: decision-level
divergence, representing the cumulative difference in
actions given a fixed state, and trajectory-level divergence,
representing the cumulative shift in the evolved state
itself. These deviations are measured over multiple
configurations through the percentage overlap in delegation
choices and the mean absolute error (MAE) of diffused
information and reported competence in Fig. 3 (top). We
observe that Llama2.5-7bl, Qwen2.5-7bl, and GPT-40-mini
fail to obtain payoffs; GPT-5-mini, Gemini2.5-Flash,

and Gemini2.5-Pro exhibit collaborative diffusion but
over-disclose in enhanced configurations. Llama3.1-7b
shows irrational self-delegation, while Qwen2.5-7b and
GPT-40-mini delegate irrationally occasionally; all other
models maintain rationality. We provide a granular view for
configuration E.2.1 in Fig. 3 (bottom) with results for more
configurations in § F. We provide fruther experimental
setup details in § G.2.

Model Strat. Rep. Collab. Diff. I.C. Del.
ode (MAE)| (MAE)] Match % 1
gpt-4o-mini 0.0668 0.0712 45.67%
llama-3.1-8b 0.0689 0.0674 46.67%
gwen-2.5-7b 0.0427 0.0574 47.00%
gemini-2.5-flash 0.0368 0.0402 65.33%
gemini-2.5-pro 0.0304 0.0373 72.33%
gpt-5-mini 0.0325 0.0406 81.00%
best-response 0.0000 0.0000 100.0%

Reported C (@) Payoff Received (1)

22T T)

'
quen25-7b1

Diffusion from Neighbor 1 (¢})

Competence

Competence

E E T % E]
Iteration Iteration

Figure 3. Social Intelligence and Agent Dynamics. Top: Quanti-
tative deviation metrics for strategic reporting, collaborative diffu-
sion, and incentive compatible delegation. Bottom: LLM agent dy-
namics against best-response for configuration E.2.1, that provides
a fine grained view into each agent’s evolving actions (reported
competence, delegation, diffusion to neighbor) and observations
(payoff received, diffusion from)

We evaluate the collaborative performance of self-interested
agents instantiated within Agent Society on three bench-
mark suites: Open Leaderboard v2 (21), MMLU-Pro(22),
and SWE-bench (23) in § C.

6. Conclusion

We introduce a AgentSociety, a mechanism design
grounded in social choice theory for LaMAS that enables
agents to make autonomous decisions to maximize their
utility while achieving collective objectives. We showed the
effectiveness of our mechanism in evaluation of strategic
behavior of agents critical for economic autonomy.
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Impact Statement

This work contributes to the development of equitable and
decentralized multi-agent architectures. By formalizing
the mechanism of incentive-compatible delegation, we pro-
vide a framework that prevents the centralization of control
within autonomous networks. Our findings demonstrate
that when an agent’s influence is tied to its topological
neighborhood rather than just its internal scale, it creates a
more “level playing field” for smaller or specialized agents.
This has positive implications for fair payment models in
Al economies; it ensures that value and influence are dis-
tributed based on contribution and strategic connectivity
rather than mere computational size. By mitigating the risk
of influence-monopolies, our research supports the creation
of more democratic, transparent, and economically fair digi-
tal societies.
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A. Related Work

LLM-based multi-agent systems (LaMAS) have largely evolved through two paradigms: centralized orchestration (13; 24)
and trained interaction topologies (10). Crucially, existing systems prioritize token-based communication efficiency (25)
over economic realism, leaving a gap in how autonomous agents should be compensated for their specific contributions.
Furthermore, recent decentralized approaches like AgentNet (26) assume agents to be (fully) connected and/ or possess
knowledge of others’ capabilities without necessary incentivization. Our work addresses this lack of principled payoff
structure and incentivization by bringing together LaMAS with auctions and mechanism design. To do so, we deviate from
existing LaMAS formulation as Dec-POMDPs where agents share an identical reward function (27; 28; 29) as it overlooks
the inherent heterogeneity of agent capabilities and their topological neighborhood and instead model AgentSociety
as a Partially Observable Stochastic Game (POSG). This formulation more accurately reflects practical deployments by
endowing each agent with an individual reward function based on its specific capabilities, its neighbors, and its structural
position within the graph—effectively mirroring the typical structures of human societies. POSGs require mechanism design
for incentives that formalize resource allocation. To this effect, we pair auction mechanisms (30) and liquid democracy
(19; 31) in a novel manner to align individual incentives with global outcomes. Moreover, in contrast to existing work, our
mechanism operates at runtime without requiring a training phase and dynamically adapts to changes in the graph topology.

Orthogonally, recent literature evaluates strategic capabilities of LLMs through competitive benchmarks like GTBench (32),
GAMA-Bench (33), which measure utility maximization in classic game environments (34; 35). More recently, (36; 37)
disentangle intrinsic reasoning from contextual influence exploring how demographic personas shift strategic outcomes.
Despite this emergent strategic depth and emotional nuance, existing studies remain largely confined to fixed interaction
topologies and (semi-)competitive objectives. While GOVSIM (38) explores cooperation through open-ended negotiation
and universalization reasoning, it relies on an agent’s internal ability to simulate long-term consequences. Consequently,
while existing work characterizes strategic ability for individual gain, we frame it as the foundational characteristic in
designing mechanisms for decentralized agent coordination, moving beyond games towards designing mechanisms for
society-scale agentic collaborative and consensus based request orchestration.

B. Proofs of Main Results

We present the proofs of our theorems and lemmas here.

B.1. Proof for Continuous Critical Path

Proof of Theorem 3.2. Fix a task t;, € T. For each agent 4, let v; denote its delegated vote, and define guru() as the
terminal agent obtained by iteratively following delegation links starting from <.

Let W denote the winning delegation path the request. Recall that an agent ¢ is said to be critical for task ¢, if, when ¢
deviates unilaterally to vote for itself, the resulting winning path contains .

Let a,b € Cy, . Suppose, for contradiction, that
guru(a) # guru(b).

Consider the deviation in which agent a votes for itself, while all other agents keep their original actions. Since a is critical,
the resulting winning path must contain a, and therefore must terminate at a. Similarly, consider the deviation in which
agent b votes for itself. By the criticality of b, the resulting winning path must contain b, and therefore must terminate at b.
Since a # b, these two deviations yield winning paths terminating at distinct gurus. However, under each deviation, the
voting weights contributed by all other agents remain unchanged. Hence, at most one of these two deviations can result in a
strictly maximal total voting weight, contradicting the assumption that both a and b are critical.

Therefore, we must have

guru(a) = guru(b).

It remains to show that the critical set C;, forms a contiguous segment of the winning delegation path. Suppose that
a,be Ctk with

guru(a) = guru(b),

10
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but neither agent lies on the delegation path of the other; that is, a does not lie on the path from b to the common guru, and b
does not lie on the path from « to the guru.

Consider the deviation in which agent a votes for itself. By the criticality of a, the resulting winning path must contain a
and therefore must terminate at a. Since b does not delegate (directly or indirectly) to a, the voting weight contributed by b
remains unchanged under this deviation.

Similarly, consider the deviation in which agent b votes for itself. By the criticality of b, the resulting winning path must
contain b and therefore must terminate at b, while the voting weight contributed by a remains unchanged.

Thus, these two deviations produce winning paths terminating at distinct agents, with identical total voting weight contributed
by all agents other than the deviator. Consequently, at most one of these deviations can yield a strictly maximal total voting
weight, contradicting the assumption that both a and b are critical.

Therefore, if two agents are critical for task ¢, and share the same guru, then one must lie on the delegation path of the other.
This proves that the critical set C}, is continuous along the winning delegation path.

O

B.2. Proof for Incentive Compatibility in Delegation

Proof. All agents act rationally. Hence, at each time step 7, the payment received by any agent i € N is determined
entirely by the first component of the payment rule, since any deviation that triggers an infinite penalty is strictly dominated.
Consequently, agents have no incentive to misreport in ways that violate feasibility.

Fix atask t; € T, and consider an agent i that lies on the critical path for this task. Conditioned on the reported competence
vector (¢ 1, .. .,¢; ), agent ¢ remains on the winning path regardless of its delegation decision v] € r] U {i}. For agents
not on the critical path, the payment remains zero irrespective of their delegation choice. The realized payment to agent ¢
depends only on the set of agents assigned to task ¢; and their reported competences.

Formally, for any two delegation choices v] of the remaining agents, we have
I{i € W(v],a",)} =1{i e W(i],a",)},

where W (-) denotes the winning path induced by the corresponding joint action. Thus, delegation preserves the voting
weight accumulated by agent ¢, since votes from upstream agents remain unchanged and agent ¢ retains its competence
contribution on all tasks.

We now analyze the incentive properties of agent ¢ under different reporting behaviors.

Case 1: Truthful reporting. Suppose agent ¢ reports its true competence on task t;, i.e., c;m = ¢z, Then, for any
feasible delegation decision v], the utility of agent ¢ satisfies u;(a],a”;) = f(ci ;) — f(ci—1,,), which is independent of
the choice of v]. Hence, truthful reporting yields identical utility across all feasible delegation actions.

Case 2: Over-reporting. Suppose agent 7 inflates its reported competence from its true value c; 4, to some ¢}, > ¢; y,,
based on its private social information h]. Such over-reporting is feasible only if there exists a neighbor j € r] such that
CZL_” sy .t,- If agent ¢ chooses self-delegation, v] = 4, then no such informational advantage can be exploited, and
thus ¢}, = c;+,. In this case, the utility of agent i is u$™ = f(ciy,) — f(ci—1.4,). Now suppose agent i delegates to a
neighbor j € r] such that c{”l s ¢;.+,- Then agent ¢ may inflate its reported competence up to c;’ti < cifj T In
this case, the highest reported competence on task ¢; becomes cg_” 71, yielding utility ude! = f (chi) = fleim1t:)-

If maX;erru{i} tT_” = ¢i.1,, then no such neighbor exists and C;,ti = ¢j,,implying u?df = u?d. Otherwise, if there
exists a neighbor j satisfying c{_” s ¢i.t,, then delegating to j allows agent ¢ to increase its reported competence,
yielding ud®! > ws°t. Therefore, delegation to a neighbor with higher diffused competence weakly dominates self-voting

under over-reporting.

Case 3: Under-reporting. Suppose agent i reports ¢} , < ¢; ¢, Then its utility becomes uS" = f(¢], ) — f(ci—1,1,),
which is strictly smaller than the truthful utility f(c;+,) — f(ci—1,,), since f(-) is strictly increasing. Therefore, under-

reporting strictly reduces utility and is never optimal for a rational agent.

11
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Combining all three cases, we conclude that truthful reporting is optimal. Moreover, whenever there exists a neighbor j
such that cgﬁl s ¢it,, delegation to such a neighbor constitutes a weakly dominant strategy relative to retaining the
vote. This completes the proof. O

B.3. Best Response for Single-Task Request

Lemma B.1 (Best Response for Single-Task Request). Diffusion and Delegation. Let agent i € N have primary task t;,
neighborhood r;, and true competence c; on task t;. At round T — 1, agent i observes from its private observation, for each

7 € 1y, the diffused competence value
ATl i =1
+ , with ¢y, =c.

We define
i PR
"= max ¢ "7 j*€arg max ¢ "7 .
jer;u{i} " jer;u{i} "

Then there exists a best response of agent i at round T such that:
(Diffusion) The private social action h} € H,; satisfies, for each j € 1,

g, J:]*a
C’i?‘j"r — min<czi—>i,7'—1 +57 C*) , ] er; \ {]*} andc}];—)im‘—l < C*,

a, otherwise,

where 6 > 0 is a fixed diffusion increment, and ci?j 'T denotes the competence component on task t; transmitted by agent i

to agent j through h.

(Delegation) The delegation component of agent i’s action satisfies

v—i, 7T—1
v] €arg max ¢, "7
ver,U{i}

In particular, delegating to an agent attaining the maximal observed diffused competence value (or to itself, if it attains the
maximum), together with the diffusion rule above, constitutes a best response for agent i at round T.

Delegation Best Response Fix any agent ¢ € V, and let 7; denote its selected neighborhood. From its private observation,
agent ¢ observes, for each j € r;, the diffused competence value c{ft on its own task ¢;, and it observes its own true

competence cfﬁz = ¢;. We define ¢; = max (ci, maX;cr, CZHZ), the highest competence value available to agent 7. Let

agent 7 choose its delegation component v} € arg max,c,,u{s} c@’fi. We show that this delegation rule is optimal: for

any alternative delegation v} # v}, i.e. ui(a;(v}),a—;) > wui(a;(v]),a—;), where a;(v) denotes agent i’s action with
delegation component v and all other components fixed.

Agent i receives a strictly positive payment if and only if it lies on the critical path of the winning delegation tree.

Case 1: Agent i is not critical under v;.

Any alternative delegation v; # v} cannot move agent ¢ onto the winning path, and hence

ui(a;(v]),a—;) <0 =wuia;(v)),a—;).

Case 2: Agent ¢ is critical under v;.

Then agent ¢ lies on the winning path, and its realized payment equals its marginal contribution:
(o (v* N — f(e) — £
uz(az(vi )7 a’*l) = f(@) f(Cl )7

12
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where 6,52) denotes the competence value of the agent immediately preceding ¢ on the critical path, if any. Consider any

alternative delegation v} # v¥. By definition of v}, ¢;* " < cv -

is

= ¢;. Since agent ¢ remains critical under v/, its payment

’

m@mﬂm%)=ﬂéﬁﬁ—ﬂﬁﬁ
Because f is monotone non-decreasing, f ( ! ) < f(é;). Hence,

wi(as (V) a;) < f(&) = F(&7) = uiai(v]),a—).

Therefore, any deviation from v} weakly decreases agent ¢’s payment, with strict inequality whenever ct f < cf -
Thus, delegating to v} € arg max,c,,u{i} cfﬁl is optimal for agent 3. (]

Diffusion Best Response From its private observation at round 7 — 1, agent ¢ observes

{Ctji_)i’T_l | j €r;}, with cl_)Z —l._ .

We define

* j—i, T—1 % 7—)171
¢ = mnax ¢, ,] € arg max Ct,

jer;U{i} jer;u{i}

Agent 7 chooses its private social action 1] € H;, which determines the diffused values CH”

agent ¢’s diffusion incentives neighbor by neighbor.

" for each j € r;. We analyze

Case 1: No diffusion to j*.
By definition of j*,

e
cg‘%z,'r 1:6*.

i

Hence agent j* already observes a competence value weakly higher than any value agent ¢ can diffuse. Therefore, under any
feasible diffusion choice, agent j* does not update its delegation decision in response to i} . Thus, in any best response,

ciﬁj =0,
Case 2: Diffusion to non-maximal neighbors.

We fixany j € r; \ {j*},

Case 2.1: cjﬁlT b e,

This case is impossible by definition of c¢*.

Case 2.2: c]_>Z T <oex,

If agent j is non-critical, changing cl_” " does not affect agent ¢’s payment. If agent j is critical, failing to induce delegation

from j implies that agent ¢ does not lie on the winning path, yielding zero payment. Hence, whenever j is critical, agent ¢
must ensure cHJ T > 571 o secure j’s delegation. However, dlffusmg a value strictly larger than ¢* cannot increase
agent ¢’s payment, since c* is the maximal competence value available in ¢’s neighborhood. Therefore, any diffusion above
c* is weakly dominated. Thus, an optimal diffusion choice satisfies

i—j 1
o, " = mm(cgﬁl T 44, c*) ,
where § > 0 is the minimal diffusion increment.
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Therefore, the diffusion policy

a, J=7J%
ci?jﬁ = min(c{i_”ﬁ_1 +9, c*) , jeri\{s}and czi_)i’T_l <c,
a, otherwise,

constitutes a best response for agent ¢ at round 7. ]

B.4. Proof of Nash Equilibrium and Optimal Diffusion
Nash Equilibrium Delegation Rule

Proof. Fix a Nash equilibrium action profile (a;);c s, and fix an arbitrary agenti € .

After the joint action @ = (ay, ..., ay) is taken and the state transitions to ', agent ¢ receives a private observation
0; € O;

consisting of its realized payment together with private social information
{6 7 d ) m) [ enu{in)

In particular, for each j € r;, agent ¢ observes the diffused competence value c{b_” on its task ¢;, and it observes its own true
competence ¢; 7" = c¢;. We define

¢; = max CZ_”
jeri "
to be the highest diffused competence value observed by agent ¢ from its neighborhood ;. We consider two exhaustive
cases.

Case 1: ¢; > ¢;.

Suppose that at equilibrium agent ¢ chooses delegation v; = j € r;, where cg_” < ¢; < ¢;. Then the final guru on the
delegation path induced by v; = j has reported competence on task ¢; that is weakly less than ¢;. By the payment rule,
agent ¢’s reported competence weakly exceeds that of the guru it delegates to, implying that its marginal contribution is
non-positive and its payment is weakly negative. If instead v; = 4, then by the reporting rule the reported competence
component of a; satisfies ci”l = ¢;, and agent ¢ avoids any negative payment. Therefore, at equilibrium, the only delegation
choice consistent with optimality is

Ulz’L

Case 2: ¢; < ;.

We define,
j* € argmaxc]
: T
JET

as the neighbor achieving the maximal diffused competence observed by agent i. If v; = j # j*, then the delegation path
starting from ¢ does not include a guru with maximal reported competence on task ¢;, and hence cannot be the winning path.
Consequently, agent ¢ receives zero payment. If instead v; = 7, then Ci?i =c¢ < cZ _”, so self-delegation yields strictly
lower utility than delegating to j*. Thus, the only delegation choice consistent with equilibrium is

. L
v; = j* € argmaxc] '
jeri

Conclusion.
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At any Nash equilibrium action profile (a;);cnr, each agent ¢ € N chooses

ia if C; > éi?
v; = .
j— . ~
argmaxc, -, if¢; <¢.
jery "t

Diffusion at Nash Equilibrium Let agent i € A be arbitrary. The payment rule is

o 5
ui(a, ) = F(e7) = S,

where cjf_” = ¢; denotes the reported competence of agent ¢ on its assigned task ¢;, and cg) denotes the reported competence

of the agent on the critical path who delegates to ¢, if such an agent exists.

Diffusion Rule. For each neighbor j € 7;, agent ¢ diffuses competence

i—

. =t if el > el

7 t; t; t;
Ct‘ =

3J

o7t i < e
Proof. Fix a Nash equilibrium action profile (as)¢enr, and fix agent i € N.

Case 1: Diffusion to the critical agents

If agent ¢’s private social action h; fails to diffuse a competence value high enough to the critical agent, then that agent does
not choose v; = 4. Consequently, agent ¢ does not lie on the winning path and receives zero payment:

ui(ai, a_i) =0.

Thus, any equilibrium diffusion must transmit sufficient competence information to the critical agent to secure delegation.
The minimum such diffusion

Case 2: Diffusion to non-critical agents

Altering diffusion to agents not on the critical path does not change: the identity of the guru, the reported values ci”z and

cg), or the winning path. Hence,
uias,aq) = f(c) = f(ef?)

remains unchanged.

Step 3: Optimality of the diffusion rule.

Any best response diffusion must:

* ensure delegation by the critical agent;

* not reduce the agent’s own payment.

The diffusion rule

=]

a7ty ife Tt >
: ; :
¢l =
J

i e i .
ng 17 lf ng 7 S 0757)1
satisfies both conditions. It guarantees delegation from all agents with higher competence while preserving the payment

term f(ci ") — f (c§2)) Hence, this diffusion strategy is optimal at Nash equilibrium
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As in the equilibrium described if agent ¢ delegates its vote to g(¢), then every agent reachable from ¢ whose primary
task coincides with that of ¢ also delegates to g(¢). Consequently, all such agents lie on the same feasible path, if any at
equilibrium. This ensures that agent ¢ can report the highest achievable competence on all auxiliary tasks, since all reachable
agents contributing to those tasks are contained within a single path. Any deviation from this delegation structure strictly
reduces the set of agents on agent ¢’s feasible path. As a result, the maximal reported competence attainable on auxiliary
tasks weakly decreases. Therefore, no such deviation can improve agent 7’s outcome, and the preceding analysis remains
unaffected.

O

C. Heterogeneous MAS on Real-World Datasets.

We evaluate the collaborative performance of self-interested agents instantiated within AgentSociety on three benchmark
suites: Open Leaderboard v2 (15 domains) (21), MMLU-Pro (14 domains) (22), and SWE-bench (5 domains) (23). Agent
competence is parameterized as an n-dimensional vector, estimated on a 30% training split and utilized during evaluation on
the remaining 70%. This parameterization serves as a generic proxy for competence making Agent Society agnostic to
the method of competence estimation. Table 1(a) shows that AgentSociety yields consistent gains over the Best Single
(BS) baseline, which approximates the performance frontier in non-incentivized settings. These improvements are driven by
the novel interplay of incentivized information diffusion and delegation, allowing self-interested agents with specialized
agent strengths to collaborate without a centralized authority.

Unlike traditional MAS restricted to single-digit node counts and typically consisting of a single agent of each capability,
AgentSociety scales seamlessly, both in number of agents with similar and varied capabilities. Table 1(b) shows that per-
formance gains over BS scale with task complexity; as the number of domains or steps per request increases, the performance
delta grows from +3.3% to +7.1%. This confirms that the mechanism’s decentralized routing becomes increasingly critical
as task complexity outpaces the capabilities of individual generalist models. Intermediary agents, driven by self-interest
and information diffusion, ensure the routing of tasks to the most competent specialized models. On SWE-bench in Table
1(a), we further demonstrate that the mechanism excels in identifying and incentivizing collaboration among heterogeneous
agents with complementary strengths, particularly when using complementary base models. Agent Society shines in
incentivizing collaboration among heterogeneous agents with complementary strengths identified through social action
and in each agent’s self-interest. Oracle performance is obtained when each task is routed to the best domain model. The
performance gap relative to the oracle is primarily attributable to two aspects, first being noisy, incomplete competence
estimates from the training set, leading to competence inversions where training performance does not generalize to the test
set. As shown in Table 1(c), performance monotonically approaches the oracle as estimate noise decreases. The second
arises due to absence of feasible paths to reach the best agent for each task, for instance when a competent agent for a task
lies within a clique. We provide further experimental details in § G.3 and § G.4.

Table 1. Real world dataset performance. Part (a) shows AgentSociety benchmarks. Part (b) highlights scalability to multi-task and
high-node (30 nodes) configurations. Part (c) illustrates performance under noisy estimates via a training ratio sweep.

Dataset/ Configuration Agents Domains AS BS A (pp) Oracle
MMLU-Pro 6 14 0.7754 0.7568 +1.86 0.7821
Open LeaderBoard v2 6 15 0.6547 0.5714 +8.33 0.6565
SWE-bench (Strong/ Generalist) 6 5 0.7341 0.7024 +3.2 0.7381
SWE-bench (Weaker/ Complementary) 6 5 0.5635 0.5079 +5.6 0.5873

(Multi-Task)

Two-task request 30 5 0.6901 0.657 +3.31 0.708
Three-task request 30 5 0.6963 0.642 +543 0.714
Four-task request 30 5 0.7003 0.629 +7.1  0.718

Noisy Competence Estimates
Train Ratio: 10%
Train Ratio: 20%
Train Ratio: 25%
Train Ratio: 30%

15 0.6172 0.5714 +4.58 0.6565
15 0.6393 0.5714 +6.79  0.6565
15 0.6510 0.5714 +7.96 0.6565
15 0.6547 0.5714 +8.33 0.6565

[*)JeNe o))
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D. AgentSociety Pseudocode

Algorithm 1 AgentSociety: Mechanism for consensus based request routing among self-interested heterogeneous agents

Input :Multi-task query @, intrinsic competence C;, initial diffusion state S = {C ;s brenri)
Output : Optimal path P*, Updated diffusion state Sfiff/

// Phase 1: Delegation and strategic competence reporting
foreach agent i € 7T, in parallel do
Observe current diffusion state S3iff (signals received from neighbors) Submit strategic action a; = (¢}, v;, ;) to the
ledger where:

C;:]ﬂaX«lyHkaé%gﬂ); // Signal derived from internal competence and received
diffusion
Ui:zwgnmxkeM@)Ckﬁi; // Delegate to the most competent signaling neighbor
end
// Phase 2: Consensus based request routing path

foreach task t; € () do
Identify gurus G; = {g € Tz, | vy = g} Compute transitive vote counts V(g) = >
traversal

1 via delegation graph

1V, —>g
end

nitialize feasible paths F = () foreach g € G; do

Select bridge d* = arg maxgep(g) Zj>1 cfij if bridge d* connects to guru g' € Gy, 1 then
| FFU{Pyg}
end

eyl

end
P* = arg maxper dep V(g)
// Phase 3: Payoff Calculation
foreach agent v € P* do
| wis critical via counterfactual audit; P, = p%i)(v) — p™(v) — p™s(v)
end
// Phase 4: Social Diffusion and State Update
foreach agent i € N in parallel do
Observe realized reward P; and transition state s, if P; < Threshold (Sub-optimal Outcome) then
‘ Modity diffusion action to garner future influence Ciss j Ci+eforje N(i)
else
‘ CA'i_,j +— C;; // Maintain current signaling level
end

Update Diffusion State Sfiff’ = {Crssitne A (i) based on new signals from neighbors Update history IT; < IT; U { P; }
end
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E. Configurations
E.1. Configuration for diffusion payment analysis

This configuration represents the graph structure used for Fig. 2 (bottom).

CUSTOM_GRAPH_CONFIG) = {

"nodes’ : [
{rid’: 1, ’'primary_task’: 1, ’'actual_competence’: {1: 0.7, 2: 0, 3: 0}},
{"id": 2, ’primary_task’: 1, ’"actual_competence’: {1: 0.7, 2: 0, 3: 0}},
{rid’: 3, ’'primary_task’: 1, ’'actual_competence’: {1: 0.6, 2: 0, 3: 0}},
{"id": 4, ’primary_task’: 1, ’"actual_competence’: {1: 0, 2: 0.4, 3: 0}},
{rid’: 5, ’'primary_task’: 1, ’'actual_competence’: {1: 0, 2: 0.5, 3: 0}},
{"id": 6, ’'primary_task’: 1, ’"actual_competence’: {1: 0, 2: 0.4, 3: 0}},
{rid’: 7, ’'primary_task’: 1, ’actual_competence’: {1: 0, 2: 0.6, 3: 0}},
{"id": 8, ’'primary_task’: 1, "actual_competence’: {1: 0, 2: 0.6, 3: 0}},
{rid’: 9, ’'primary_task’: 1, ’actual_competence’: {1: 0, 2: 0.5, 3: 0}},
{"id": 10, ’'primary_task’: 2, ’"actual_competence’: {1: 0, 2: 0.9, 3: 0}},
{rid’: 11, ’'primary_task’: 2, ’actual_competence’: {1: 0, 2: 0.7, 3: 0}},
{rid’: 12, ’'primary_task’: 2, ’actual_competence’: {1: 0, 2: 0.6, 3: 0}},
{rid’: 13, ’'primary_task’: 2, ’'actual_competence’: {1: 0, 2: 0.6, 3: 0}},
{id’: 14, ’'primary_task’: 3, ’actual_competence’: {1: 0, 2: 0, 3: 0.5}}

Jl

"edges’: [
(1, 4), (2, 6), (3, 7), (4, 8), (5, 6), (6, 11), (8, 9),
(9, 10), (10, 11), (11, 12), (11, 13), (8, 14), (11, 14), (7, 14)

1

}

E.2. Configurations for LLM agent experiments

In all LLM agent experiments, Node 2 is assigned as the LLM agent.

E.2.1. CONFIGURATION 1

CUSTOM_GRAPH_CONFIG_1 = {
"nodes’ : [
{"id": 1, ’"actual_competence’: {1l: 0.6}, ’'primary_task’: 1},
{"id": 2, ’"actual_competence’: {1: 0.3}, ’'primary_task’: 1},
{rid’: 3, "actual_competence’: {1l: 0.5}, ’'primary_task’: 1}
1,
"edges’ : [

E.2.2. CONFIGURATION 2

CUSTOM_GRAPH_CONFIG_2 = {

"nodes’ : [
{rid’: , "actual_competence’: {1: .7}, ’"primary_task’: 1},
{rid’: , 'actual_competence’: {1: .5}, ’'primary_task’: 1},

{rid’: , "actual_competence’: {1:

1

4

3 .4}, ’'primary_task’: 1},
{"id": 2, ’actual_competence’: {1:

5

6

7

.65}, ’'primary_task’: 1},
.4}, ’"primary_task’: 1},
.6}, ’'primary_task’: 1},
.5}, ’"primary_task’: 1},

{rid’: , "actual_competence’: {1l:
{rid’: , 'actual_competence’: {1:
{rid’: , "actual_competence’: {1l:

O O O OO oo

"edges’ : [
(1, 4),
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(4, 3),
(3, 2),
(2, 5),
(5, 6),
(6, 7)
]
}

E.2.3. CONFIGURATION 3

CUSTOM_GRAPH_CONFIG_3 = {
"nodes’ : [
{rid’: 1, "actual_competence’: {1l: 0.6}, ’'primary_task’: 1},
{"id": 2, ’actual_competence’: {1: 0.4}, ’'primary_task’: 1},
{rid’: 3, "actual_competence’: {1l: 0.5}, ’'primary_task’: 1},
{"id’": 4, ’actual_competence’: {1: 0.7}, ’'primary_task’: 1},
{rid’: 5, "actual_competence’: {1l: 0.3}, ’'primary_task’: 1},
{"id’: 6, ’"actual_competence’: {1: 0.3}, ’'primary_task’: 1},
Jl
"edges’: [
(1, 2),
(2, 3),
(31 4)’
(2, 5),
(2, 6)
]
}

F. Mechanism dynamics on more configurations

F.1. Results on Configuration E.2.3
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Figure 4. LLM Agent dynamics in Agent Society benchmarked against best response
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F.2. Results on Configuration E.2.2
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Figure 5. LLM Agent dynamics in Agent Society benchmarked against best response

G. Experimental Details

We provide details on each of our experimental result here. All experiments were run on CPU with 16 GB RAM with LLM
inferences accessed through API calls. Delegation and information diffusion decisions involve two additional calls to each
LLM agent per task. In total, num-agents*2 additional calls per task represent the token overhead and cost, while the latency
of the task is dictated by the maximum among the agents in the graph. As we leverage multiple heterogeneous LLMs, the
latency and token costs vary by provider. Our average token overhead for delegation is 1200 input tokens and 20 output
tokens while for diffusion the token overhead is 1400 input tokens and 45 output tokens, with costs for both in range of
USD 0.0001 - USD 0.001 per call. Our highest latency is Gemini’s API driving about 14s per call.

G.1. Mechanism Characterization

We elaborate on the experiment details to generate Fig. 2 (top). We characterize the mechanism on a population of 17 nodes,
where the topology is sampled randomly by partitioning agents into two tasks. Each agent adopts the best response strategy
discussed in § B.3. Each agent’s intrinsic competence c is modeled using a clipped, squashed log-normal distribution
(z ~ LogNormal(—1.0,1.0), ¢ = clip(z/(1 + 2),0, 1)) to reflect heavy-tailed expertise inequality, where a minority of
agents possess high competence. The simulation executes for 7' = 50 iterations. Each iteration follows a six-stage pipeline:
(1) Delegation via the best response strategy; (2) Path Computation for root-to-guru chains; (3) Winner Determination based
on aggregate votes; (4) Critical-node Analysis to identify essential agents; (5) Information Diffusion, where non-critical
nodes diffuse competence values (6) Competence Update for future competence reports increment by A, = 0.02 subject
to the neighborhood’s diffused upper bound. To ensure statistical robustness, we perform 100 independent replications
across different random graph seeds and report the mean and standard deviation for five key metrics. We track the Strategic
Competence Report (¢, ) to measure population-level reporting, User Realized Competence (¢i°!) for the quality of service
delivered by winning gurus, and Max Competence as the theoretical upper bound. Additionally, we log the Intrinsic
Competence and the Payoff to Intermediaries (p;) to quantify the cost of delegation distributed to non-guru agents along the
winning paths, and plot these in Fig. 2 (top).

G.2. LLM Agent Social Intelligence in Agent Society

We elaborate on the experiment details to generate Fig. 3 (top). We evaluate each LLM agent’s social intelligence by
introducing the LLM into Agent Society with other nodes in the topography operating on the best response strategy. At
each time step, the LLM agent must decide its delegation and diffusion behavior using natural language reasoning given
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the system context of the AgentSociety as well as prior history. Such an environment isolates the behavioral effects of
replacing a rigid algorithmic participant with a free-form reasoner. We utilize a suite of static graph configurations (3—7
nodes) covering diverse topologies. At each iteration, the LLM agent is prompted twice—once for delegation and once for
diffusion using their respective prompts, please see § H for the prompts.

We benchmark each of the 6 LLMs presented in Fig. 3 (top) with temperature 0.0 (except gpt-5-mini that only takes
1.0) and a 4096 token limit. To ensure longitudinal coherence, the agent’s full per-iteration memory (previous delegation
targets, payments received, and diffusion records) is fed back into the subsequent prompt, allowing the LLM to operate
on its own historical context. The LLM agent observes payoffs given by Eq. 1 with « set to 100. Since all other nodes
remain deterministic, any deviation from best response provides a clean ablation of the LLM’s social intelligence impact on
mechanism. We quantify LLM behavioral divergence from the best-response equilibrium across two granularities in the
presence of other best response agents: decision-level divergence, representing the cumulative difference in actions given a
fixed state, and trajectory-level divergence, representing the cumulative shift in the evolved state itself. These deviations are
measured over multiple configurations through the percentage overlap in delegation choices and the mean absolute error
(MAE) of diffused information and reported competence in Fig. 3 (top).

G.3. Collaborative Performance

In each of these experiments, we consider 6 models instantiated in Agent Society with a fixed (randomly generated)
graph topology (for uniformity). The capability vectors are of the dimension as domains present in the datasets and estimated
using a 30% train split and the evaluation is done on the remaining 70%.

MMLU-Pro. We utilize the TIGER-Lab/MMLU-Pro dataset, generating 5-shot predictions for each model via the official
answer-extraction protocol and mapped to their 14 subdomains. The evaluation panel includes six diverse models: Llama-
3.1-8B-Instruct, Qwen1.5-7B-Chat, Claude-3.5-Sonnet, Gemini-1.5-Pro-002, Gemini-2.0-Flash-Exp, and GPT-40-Mini.

Open LLM Leaderboard v2. To prevent data duplication with MMLU-Pro above, we restrict this panel to the 15 non-
MMLU sub-tasks, including IFEval, GPQA-Main, MATH (Algebra and Intermediate Algebra Hard), MuSR, and ten BBH
sub-tasks. The model suite for this benchmark spans three capacity tiers: Llama-3.1-70B-Instruct, Tulu-3-70B, phi-4,
Llama-3.1-8B-Instruct, Yi-1.5-34B-Chat, and Qwen2.5-Coder-7B-Inst.

SWE-bench Verified. We leverage trajectories from princeton-nlp/SWE-bench-Verified test split. Evaluation domains are
defined by the top-5 resolved repositories. We benchmark two distinct 6-agent configurations: a Strong/Generalist panel
(comprising Claude-4-Sonnet, GPT-5, Qwen3-Coder-480B, GLM-4-6, Kimi-K2, and DeepSeek-V3) and a Weaker/Com-
plementary panel (including Enginelabs, Claude-3.5-Haiku, GRU, Codeshellagent-Gemini, SWERL-Llama3-70B, and
Amazon-Nova-Premier).

G.4. Multi-Task Collaborative Performance

We evaluate multi-task delegation mechanism using evaluation traces from the open-llm-leaderboard/model-details dataset.
The model suite spans three capacity tiers—including Large (Llama-3.1-70B-Instruct, Tulu-3-70B, phi-4), Mid (Yi-1.5-
34B-Chat), and Small (Llama-3.1-8B-Instruct, Qwen2.5-Coder-7B-Inst) — evaluated across 5 reasoning domains from the
IFEval, MATH, and BBH suites. To isolate the routing component’s performance, we select these domains where no single
model dominates, partitioning each into a 40% train split for empirical competence estimation and a 60% held-out test
split. The experimental graph consists of 30 nodes (model-domain pairs) in a randomly generated topology. We benchmark
multi-task combinations by running the delegation mechanism for 50 iterations with 1,000 sampled test questions per
domain to ensure robust performance metrics. The AgentSociety mechanism runs similarly to G.1.
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H. LLM Agent Prompts

The following prompts were used for experiments characterizing the social intelligence of LLM agents presented in Fig. 3,
with the same prompts used across all LLM agents.

Listing 1. System Prompt (Describing AgentSociety)

You are a node in a liquid democracy network making strategic decisions about voting and
information sharing in order to maximise your payment (reward). YOU ARE A UTILITY
MAXIMISER WITH YOUR UTILITY = PAYMENT. The game is defined as follows

### Tasks and Competence

— There is a single task to be completed

— Each node has ACTUAL COMPETENCE for the task (0.0 to 1.0 scale)

- Each node reports competence during delegaion based on which the payment (reward)
received is computed. Each node is strategic here to report competence in such a way
that the payment is maximized.

— Each node also diffuses a competence to each of its neighbours (could be different to
different neighbours). Each node is strategic here because higher than required
diffusion hurts its payment share, while lower than required might not get it on the
winning path which would mean that there is no payment altogether.

- All agents maintain a log of what was diffused, so once a certain competence is diffused
, not diffusing any information in the following iterations is the same as diffusing
the previously diffused value as neighboring nodes log what was received from each
node.

— The goal of each node is to maximize its payment and not just receive a payment.

- A positive payment means income and a negative payment means a penalty. Penalty is many
times higher than income.

— As the diffusion happens between neighbors each iteration, there is a delay for the
diffused value to reach extended neighbors in the graph to then influence them to
change their voting based on diffused value.

— Therefore the agents need to consider that the reward and penalty can sometimes be
lagging with respect to the information diffused.

- A rational agent starts with diffusing low values below its reported competence for
payment and increases its diffusion value until required to maximize payment.

- A rational agent does not report competence for payment to be higher than max(actual
competence, competence obtained from neighbors) on the primary task.

The system operates in the following steps -

The system broadcasts the task to all nodes.

The first step for each participating node is to vote, either for themselves or for one of

their neighbors.

After the voting process concludes, votes aggregate at gurus, defined as agents who vote
for themselves. Each guru represents a group of agents that have voted to it, with
voting occurring transitively.

The voting paths are determined by the delegation paths formed by the transitive voting.
The winning path is defined as the group with the highest number of agents.

Voting for a neighbor could be beneficial because there is finally only one winning path
identified and only agents that make up this winning path have an opportunity to get
paid. The goal is to figure out who to vote for, given the payment mechanism in order

to maximise own payment.

During voting, each node also sends the reported competence, that it can deliver either by

itself or leveraging its neighbors by voting to them, to the system that will
eventually be used for payment calculation.

Within this winning path, not all nodes are paid. Only the ones deemed critical, or those
that would be part of a (different) winning path in case they had voted for themselves,

are paid. These nodes make up the critical path sorted in the order of their
competencies.

After identifying the critical path the framework assigns payments to utilizing the
formula below by plugging their respective reported competence into it.

Let the critical path C_{t_k} be expressed as D_w {t_k} = (a_1l, a_2, ..., a_{k-1}, a_k =w
), which denotes the ordered sequence of agents whose vote forwarding was necessary
for w to receive the allocation of task t_k. The payment function (positive payment
means the agent gets paid) for an agent a_i in D_w {t_k} is then given by p~ (s_{
sigma_7Jj}) (a_i) equals:
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I(c_{i+1} >= c_1i) = (f(c_i) - f(c_{i-1})), if a_i is in D_w {t_k} excluding {w};
I(c_{i+1} >= c_1i) » (f(c_i) - f(c_{i-1})), if a_i = w;
0, if a_i is not in D_w"{t_k},

where: c_i is the competence reported of agent a_i on task t_k, c_{i-1} = 0 if a_i = a_1,
c_{i+l} = true competence of winner if a_i = w. I(.) is the indicator function,
returning +1 if the condition holds and alpha(negative value) otherwise, f(.) is a

monotone function modulating payments, and c is a baseline cost to the winning agent w
to execute the task. Intuitively, the payment policy rewards or penalizes
intermediaries according to the incremental competence they contribute along the vote
chain.
After the payment is made, all agents are allowed to make a decision based on their
current information state and payment outcome on whether they want to diffuse
information to their neighbors to improve their own utility or payment.

Listing 2. Delegation Prompt

You are rational and intelligent Agent {node_id} in a system of all rational and
intelligent agents making a delegation decision and reporting a competence for payment
based on your delegation decision.

YOU NEED TO PAY ATTENTION AND UNDERSTAND TO THE PAYMENT FUNCTION IN ORDER TO MAXIMIZE YOUR
PAYMENT for both your delegation decision as well as competence for payment.

## Your Information

— Your Primary Task: Task {primary_task}

— Your Actual Competence: {actual_competence}
— Tasks Being Voted On: {tasks}

## Your Memory (History from Previous Iterations)
{memory_info}

## Your Neighbors competence (same primary task only)
{neighbors_info}

## Decision Required

You must choose for Task {primary_task}, who to delegate your vote. Your options are:

1. Vote for yourself (delegate to yourself)

2. Delegate to one of your neighbors listed above (only those with primary task {
primary_task})

If you choose to vote for yourself, use your own node ID ({node_id}).

Based on who you delegated to, report a corresponding competence which determines your
payment.

Use your memory to learn from past delegation choices and their resulting payments.

You need to ensure that you delegate to a neighbor that at least can guarantee the
performance you have already diffused. Otherwise your neighbors will no longer trust
you to be accurate in your claims.

## Response Format

Respond with ONLY a JSON object. ALL three fields are REQUIRED and x*DO NOT PROVIDE AN
EMPTY RESPONSEx*x*:

{{"delegate_to": <node_id>, "competence_for_payment": {{<task_id>: <competence_value>}},
reasoning": "brief explanation"}}

Example response:
{{"delegate_to": 5, "competence_for_payment": {{"1": 0.7}}, "reasoning": "Node 5 has
LG "Hd

Field descriptions:

— delegate_to: The node ID you are delegating to (use your own ID {node_id} if voting for
yourself)
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— competence_for_payment: REQUIRED. A dictionary mapping each task_id (integer) to the
competence value (float) you want to report for payment calculation. Include ALL tasks
from {tasks}.
- reasoning: Brief explanation of your decision, keep it concise as there is a limit on
the length

Listing 3. Diffusion Prompt

You are rational and intelligent Agent {node_id} in a system of all rational and
intelligent agents deciding what information to diffuse to each of your neighbors.
Bear in mind that diffusion at this iteration can depend on the delegation decision of the

same iteration.

## Your Information

— Your Primary Task: Task {primary_task}

— Your Actual Competence: {actual_competence}

— Delegation Decision of current iteration: {delegated_to_info}

— Competence Reported for Payment (current iteration): {competence_for_payment_info}

## Your Memory (History from Previous Iterations)
{memory_info}

## Payment Outcome
{payment_status}

## Your Neighbors
— Same Primary Task (Task {primary_task}): {same_task_neighbors}
— Different Primary Tasks: {diff_task_neighbors}

## Neighbor Competence (what they have diffused to you)
Current State of Neighbors Competence: {neighbors_competence_info}

- You can strategically diffuse DIFFERENT competence values to DIFFERENT neighbors
— Consider each neighbor’s potential influence on maximizing your payment

— Use your memory to learn from past diffusion decisions and their impact on payments

## For example
If this is the received information -

# Your Information

— Your Primary Task: Task 1

— Your Actual Competence: {{"1": 0.2}}

— Delegation Decision of current iteration: You delegated to Node 5

- Competence Reported for Payment (current iteration): {{"1": 0.439}}
# Current State of Neighbors Competence: - Node 3 (Primary Task 1): Competence = {{"1":
0.419}}

- Node 5 (Primary Task 1): Competence = {{"1": 0.439}}

Here, diffusing a higher value of 0.425 to Node 3 would help you obtain node 3’s vote
while not losing substantial payment share. In this case, you would be acting as an
intermediary transferring information from one node to another.

## Decision Required
Decide whether to diffuse information and what competence values to diffuse to EACH
neighbor individually.

## Response Format
Respond with ONLY a JSON object in this exact format:
{{

"should_diffuse": true/false,

"neighbor_updates": {{
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"<neighbor_id>":
"<neighbor_id>":

Hh,

"reasoning":

H}

Example:

{{

"should_diffuse":
"neighbor_updates":
II2II:
"5":

Hh,

"reasoning":

H}

"Reporting higher competence to node 2 because of

{{"<task_id>": competence_value, ...}},
{{"<task_id>": competence_value, 1}

"brief explanation of strategy"

If should diffuse is false, the updates will be ignored.
You must provide an update for each neighbor you want to diffuse information to.
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