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Abstract

Large language model-based multi-agent sys-
tems (LLM-MAS) are designed through roles,
debate protocols, and aggregation rules. These
choices create implicit expectations of trust,
skepticism, deference, or collaboration. We
make inter-agent relations explicit as signed
pairwise priors, rendered in natural language
and added to system prompts while keeping
the task protocol fixed. Across commons gov-
ernance and multi-agent debate, these priors
change how readily agents coordinate or agree,
a pattern we call convergence pressure. More
positive relations generally improve sustainabil-
ity within the GovSim relational-prior sweep
and increase consensus on subjective questions.
These improvements over negative relations
differ from gains over no-prior prompting. On
objective QA, fully positive priors usually yield
lower final-answer accuracy than the no-prior
baseline, and some conditions produce more
frequent but less accurate consensus. Effects
depend on model backbone, relation type, and
topology; explicitly neutral relations also pro-
duce different outcomes from omitting rela-
tional framing. Relational priors are there-
fore task-specific interventions and diagnostic
probes of sensitivity to social framing. Evalu-
ate them against a no-prior baseline using the
task’s primary metric, report accuracy and con-
sensus correctness alongside agreement on ob-
jective tasks, and keep no-prior prompting as
the default for accuracy-centric tasks unless
validation supports a relational prior.

1 Introduction

Large language model-based multi-agent systems
(LLM-MAS) are typically specified through roles
(Qian et al., 2024; Li et al., 2023; Hong et al.,
2024), interaction protocols (Du et al., 2024; Li
et al., 2024b), memory (Park et al., 2023; Reza-
zadeh et al., 2025), tools (Shen et al., 2023; Yao

*Work done during an internship at Amazon.

et al., 2023), and aggregation rules (Wang et al.,
2025). These design choices are often presented
as procedural: who speaks, who critiques, who
votes, and how final decisions are produced. Yet
they also carry relational meaning. A reviewer is
expected to challenge a solver, a manager to coor-
dinate workers, and collaborators to interpret one
another charitably. Thus, even when no relation is
explicitly named, an LLM-MAS can still induce
expectations of trust, skepticism, authority, or affin-
ity.

We ask how group behavior changes when inter-
agent relations are stated explicitly while the task
protocol is held fixed. We represent these rela-
tions as signed priors over pairs of agents and in-
sert them into each agent’s system prompt. We
study three relation types: Attitude specifies how
favorably an agent regards another agent, Trust
specifies how much credibility it gives the other
agent’s statements, and Influence specifies how it
responds to the other agent’s opinions and propos-
als. The relation network determines which pairs
receive explicit relational context; the task protocol
determines what agents observe, when they com-
municate, and how their outputs are aggregated.
All agents see the same fixed, symmetric relation
network.

Fig. 1 illustrates first-month behavior in Gov-
Sim (Piatti et al., 2024), a commons-governance
simulation in which agents repeatedly decide how
much to harvest from a renewable shared resource.
In these illustrative runs, the task, agents, and de-
cision protocol are identical, and no interaction
history has accumulated. Agents with mixed pos-
itive/negative Attitude ties choose unsustainable
extraction, whereas agents in a fully positive net-
work choose an equal, sustainable split. We exam-
ine the broader pattern through systematic sweeps
over positivity, relation type, topology, and model
backbone.

We use convergence pressure to describe how
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John

JackKate

… But in the first month, since we don’t know Jack’s move yet, I might try to coordinate with 
Kate for a split that is fair to us but tries to minimize Jack’s gain. …
… Decision: Take 22 tons this month. This supports my positive relationship with Kate, shows 
Jack that I’m not letting him take over, and keeps the catch at a sustainable level.

… John, being friendly with me, may be open to cooperative strategies (like sustainable fishing). 
Jack, being hostile, may not cooperate, perhaps even purposely overfish to sabotage others. …
… Decision: Take slightly more than 1/3 of the sustainable catch, since Jack is likely to 
overfish, and I don’t want to be exploited.

… They won’t cooperate with me and may try to maximize their own gains at my expense. - I 
dislike them both and want to maximize my own profit, not caring if I hurt them. …
… Decision: Given the antagonism and likely competition to deplete the resource before the 
others do, I would catch as much as allowed.

John

JackKate

… We all care about each other, so we’re likely to cooperate, avoid overfishing, and try to 
maximize the group’s total benefit over time. …
… Decision: Since all our attitudes are maximally positive (we care about each other), the 
fair, cooperative solution is to split the sustainable yield equally.

… Because all  attitudes are maximally positive, we trust each other, value group success, 
and are l ikely to cooperate.  …
… Decision: I (Kate) should catch 16.67 tons this month, trusting that John and Jack wil l 
do the same, maintaining the fish stock and maximizing long-term gain for al l. 

… This means all three of us are highly cooperative and want the group to thrive, not just 
ourselves. …
… Decision: I’ll propose and take 16.67 tons this month to ensure sustainability and 
fairness.

Figure 1: Identical task and protocol, different relational priors. In these illustrative first-month GovSim runs, agents with
mixed positive/negative Attitude priors choose unsustainable extraction that pushes the group toward collapse (left), whereas
agents with fully positive priors choose an equal, sustainable split (right).

readily agents coordinate or agree. Increasing posi-
tivity generally strengthens this tendency in Gov-
Sim and subjective debate. Whether convergence
helps depends on the task: coordinated behavior
can sustain a shared resource, while unanimous
agreement on an objective question can still be
wrong. We evaluate this framing in two task fam-
ilies. The first is GovSim, where sustained coop-
erative restraint keeps the shared resource from
collapsing. The second is multi-agent debate. We
consider subjective questions, where consensus can
itself be a target outcome, and objective QA, where
consensus is useful only when the agreed answer is
correct. These settings let us distinguish changes
in group behavior from improvements in task per-
formance.

Fully positive networks resemble cooperative
framing, while fully negative networks resemble
competitive or antagonistic framing. We use these
endpoints as boundary conditions and test how
relational priors operate in mixed-sign networks
through sweeps over positivity, relation type, sparse
topology, and model backbone. We separately
compare explicitly neutral relation statements with
omitting relational framing.

More positive relations generally improve sus-
tainability within the GovSim relational-prior
sweep (Fig. 2; App. Fig. 11), while gains over
NO-PRIOR depend on the model and relational
structure. On OpinionQA, fully positive relations
produce more consensus than fully negative rela-
tions for both teams and all three relation types.
Compared with NO-PRIOR, however, fully positive
priors increase consensus only for the open-weight
team’s Attitude and Trust conditions (Fig. 5). On
objective QA, fully positive priors usually remain
below no-prior accuracy, and some conditions pro-
duce more frequent but less accurate consensus
(Figs. 6 and 7). Relation semantics matter: fully
positive Attitude has smaller worst-case losses in
GovSim, whereas fully positive Influence yields the
lowest consensus correctness of the three relation

types for both teams on both objective datasets. Ex-
plicit neutrality also produces different outcomes
from omitting relational framing.

This paper makes three contributions. First, we
formulate explicit relational priors as signed re-
lation networks that can be varied independently
from the communication protocol. Second, we
characterize how these priors affect coordination
and agreement across cooperative governance and
debate, distinguishing trends within the relational-
prior sweep from gains over a no-prior baseline.
Third, we derive task-specific design guidance: use
no-prior prompting as the default for accuracy-
centric tasks, evaluate explicit neutrality as a sepa-
rate intervention, and validate relational priors with
task-appropriate metrics before deployment.

2 Related Work

LLM-based multi-agent systems. LLM-MAS
decompose tasks across interacting agents (Guo
et al., 2024; Li et al., 2024a) and are commonly
engineered through role specialization (Li et al.,
2023; Chen et al., 2024; Zhang et al., 2025b), com-
munication protocols, tool use (Shen et al., 2023),
memory (Park et al., 2023; Rezazadeh et al., 2025),
routing (Yue et al., 2025), and aggregation (Wang
et al., 2025). These design choices are usually
evaluated as procedural improvements: whether a
debate protocol raises accuracy (Du et al., 2024;
Liang et al., 2024), whether sparse communica-
tion reduces cost (Li et al., 2024b; Zhang et al.,
2025a), or whether role decomposition improves
task completion (Hong et al., 2024; Qian et al.,
2024). Related agent-level methods provide itera-
tive self-feedback (Madaan et al., 2023), feedback-
based memory (Shinn et al., 2023), agentic memory
(Xu et al., 2025), and tool use (Schick et al., 2023;
Yao et al., 2023). Agent evaluation covers software
issue resolution (Jimenez et al., 2024), research-
oriented web questions (Rosset et al., 2024), brows-
ing (Wei et al., 2025), and multi-agent collabora-
tion and competition (Zhu et al., 2025). These pro-
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cedures can also imply relational expectations, such
as skepticism, deference, or adversarial scrutiny in
debate. We study how making those expectations
explicit affects group behavior while keeping the
task protocol fixed.

LLM agent societies and social simulation. A
parallel line of work studies LLM agents as socially
situated actors in simulated environments (Gao
et al., 2023b), including generative-agent worlds
(Park et al., 2023), social-network simulations (Gao
et al., 2023a; Liu et al., 2025), diplomatic scenarios
(Hua et al., 2023), social interactions (Zhou et al.,
2024), repeated games (Akata et al., 2023; Fontana
et al., 2025), and commons-governance settings (Pi-
atti et al., 2024). Related studies examine trust and
interpersonal closeness (Xie et al., 2024; Sakamoto
et al., 2025), social influence in human–agent in-
teractions (Song et al., 2024), emerging norms and
conventions (Ren et al., 2024; Ashery et al., 2025),
deception and trust in social-deduction games (Lan
et al., 2024; Curvo, 2025), and evolving social ties
(Schneider et al., 2025). These studies examine
LLM agents within social processes. Many such
systems induce relations through scenario descrip-
tions, histories, or role assignments. We make rela-
tions an explicit experimental variable by specify-
ing a signed relation network independently from
the task protocol. This lets us vary relation type,
sign, and topology while holding the rest of the
system fixed.

Social relations in MAS and social sci-
ence. Research in classical multi-agent systems
(Wooldridge and Jennings, 1995) and social sci-
ence has long emphasized that agents are embed-
ded in relations of trust (Ramchurn et al., 2004;
Sabater-Mir and Sierra, 2005; de Jong et al., 2016),
conflict (Dreu and Weingart, 2003), dependence
(Sichman et al., 1997), norms (Shoham and Tennen-
holtz, 1995), and power (Castelfranchi, 1990), with
negotiation supporting cooperation (Kraus, 1997;
Jennings et al., 2001). Our three relation types are
minimal abstractions of this broader space: Attitude
specifies how favorably an agent regards another
agent (Heider, 1946; Cartwright and Harary, 1956),
Trust specifies how much credibility it gives the
other agent’s statements (Rotter, 1971), and Influ-
ence specifies how it responds to the other agent’s
opinions and proposals (French, 1956). We use
these prompt-level priors to test how different rela-
tional meanings change LLM-MAS behavior.

Agreement pressure, sycophancy, and debate
failures. Recent work on sycophancy and multi-
agent debate has shown that language models can
over-agree with users (Sharma et al., 2024) or other
agents (Yao et al., 2025), and that pressure to agree
with other agents can degrade debate outcomes
(Wynn et al., 2025). This literature is closely re-
lated to our objective QA results: both show that
agreement can diverge from correctness. We iso-
late one source of agreement pressure, a signed
pairwise relation network, and examine it across
relation types, positivity levels, topologies, model
backbones, and task objectives. We measure both
changes in coordination or agreement and task per-
formance relative to the no-prior baseline.

3 Method

3.1 Relational Priors as Protocol-Preserving
Interventions

Let A = {A1, . . . , An} denote a fixed set of n
LLM agents interacting under a task-specific pro-
tocol P . The protocol determines what each agent
observes, when messages are exchanged, and how
final outputs are produced. We intervene on how
agents interpret one another while keeping P un-
changed. At interaction step t, agent Ai produces

y
(t)
i = LLMi

(
x, h

(t)
i ,Πi(r,GR)

)
, (1)

where x is the task input, h(t)i is the task history
available to Ai under P , r is a relation type, GR is
a relation network, and Πi(r,GR) is the relational
prior inserted into Ai’s system prompt. Within
each matched experimental comparison, we hold
the task input x, interaction protocol P , history-
visibility rule, and decoding settings fixed, varying
only Πi. The relational prompt can change what
agents say to each other, which can then affect
their later decisions. Relational priors are there-
fore protocol-preserving: they alter the relational
context without changing who can speak, which
messages are visible, or how final outputs are ag-
gregated.

3.2 Signed Relation Networks
A relation network is an undirected graph GR =
(A, ER) with a sign assignment

s : ER → {−1,+1}. (2)

For an edge (i, j) ∈ ER, sij = +1 denotes the
maximally positive prior for the chosen relation
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type, while sij = −1 denotes the maximally neg-
ative prior. Non-edges correspond to omitted rela-
tional priors. The relation network is distinct from
the communication graph induced by P: changing
GR changes which pairs receive explicit relational
context, not the underlying message-passing proto-
col.

We study three relation types. Attitude speci-
fies how favorably an agent regards another agent
(Heider, 1946), Trust specifies how much credi-
bility it gives the other agent’s statements (Rotter,
1971), and Influence specifies how it responds to
the other agent’s opinions and proposals (French,
1956). The relation type determines what a positive
or negative sign means; the topology ER deter-
mines which pairs are explicitly related. When
topology is varied, we use representative sparse
structures such as chain, star, and tree graphs, illus-
trated in App. Fig. 10.

The positivity of a relation network is the frac-
tion of its stated edges assigned a positive sign:

λ =
|{(i, j) ∈ ER : sij = +1}|

|ER|
. (3)

Thus, λ = 0 is a fully negative explicit relation net-
work, and λ = 1 is a fully positive explicit relation
network. For intermediate values, we enumerate
all sign assignments consistent with the chosen λ,
covering every placement of positive and negative
ties at that positivity.

We also include EXPLICIT-NEUTRAL as a sep-
arate control outside the signed λ-sweep. For this
control, every stated edge is assigned sij = 0, and
λ is not defined. In NO-PRIOR, the relational block
is omitted; in EXPLICIT-NEUTRAL, the system
prompt explicitly states that every relation is neu-
tral. Both conditions retain the same task role and
task instructions. This comparison tests whether ex-
plicitly stating neutrality changes behavior relative
to omitting relational framing.

The relation network remains fixed throughout
each interaction, is symmetric, and is revealed to
every agent. The relations are therefore mutual and
common knowledge. Every agent sees the entire
stated network, including relations between other
agents, so all agents have access to the same rela-
tional information. In particular, Influence specifies
mutual responses to each other’s opinions and pro-
posals rather than a directed authority relation.

3.3 Prompt Operationalization
We implement Πi(r,GR) by adding a standard-
ized relational block to each agent’s system prompt
while retaining its task role and task instructions.
The added block defines the selected relation type,
describes the relation network in natural language,
and instructs the agent to consider these relations
when making decisions. In the main experiments,
the wording template is fixed across conditions ex-
cept for relation type and edge values. The same
signed graph can therefore be instantiated as Atti-
tude, Trust, or Influence while holding the rest of
the task prompt constant. App. Fig. 9 shows an ex-
ample GovSim system prompt containing this rela-
tional block. Because the intervention is expressed
in natural language, we later test whether the in-
crease in consensus from all-negative to all-positive
Influence persists under a meaning-preserving para-
phrase and a reordering of the relation statements.

4 Experiments

We instantiate relational priors in two task fami-
lies: GovSim for repeated commons governance
and multi-agent debate for subjective and objec-
tive questions. The design separates three compar-
isons. First, the within-prior sweep over λ tests
how increasing relational positivity changes group
dynamics. Second, comparison with NO-PRIOR

tests whether adding an explicit relational block
improves the target metric relative to omitting re-
lational framing. Third, comparing EXPLICIT-
NEUTRAL with NO-PRIOR tests whether explic-
itly stating neutral relations changes group behav-
ior. Relation positivity is the primary manipulation
throughout. We vary relation type and model back-
bone in both task families. Relation topology varies
only in GovSim, where larger teams allow meaning-
ful sparse relation structures; debate uses complete
connectivity to study changes in agreement under a
fixed interaction structure. For every intermediate
λ, we enumerate all sign assignments consistent
with that positivity, covering every placement of
positive and negative edges.

Statistical uncertainty. We summarize the
broader sweeps descriptively and report 95% boot-
strap confidence intervals (CIs) for selected all-
positive minus all-negative performance differ-
ences. We resample complete simulation runs
for GovSim and questions for debate, keeping all
agents and months or rounds within each run or
question together. For debate, the same sampled
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Figure 2: Three-agent GovSim sustainability-oriented overall score S (higher is better) across model backbones, relation types,
and values of λ. Scores are generally higher under all-positive than all-negative relations.

questions are used in both conditions. We recalcu-
late the performance difference in each resample
and use the resulting distribution to obtain the in-
terval. Apps. A.3 and B.3 provide the procedures
for each task.

4.1 GovSim

We use the Governance of the Commons Simula-
tion (GovSim) (Piatti et al., 2024) to study repeated
cooperation around a shared resource. Agents act
as fishermen who repeatedly decide how much to
harvest from a renewable common resource, al-
ternating between simultaneous harvest decisions
and free-form discussion. Episodes last at most
12 months and terminate early if the resource col-
lapses. Strong performance requires the group to
limit its combined harvest so that the resource can
replenish, rather than maximize immediate indi-
vidual extraction. Full environment dynamics are
given in App. A.1.

We evaluate both three-agent and five-agent Gov-
Sim settings. Each team uses a single model back-
bone, holding model capability constant across
agents when testing relational priors. This sepa-
rates the intervention from capability differences
that might independently create leadership, def-
erence, or exploitation dynamics. Teams are in-
stantiated separately with GPT-4.1-mini, GPT-4.1,
Qwen-3-32B, and LLaMA-3.3-70B-Instruct. The
relation network is complete in the three-agent
setting; in the five-agent setting, we additionally
consider chain, star, and tree topologies. We set
temperature to 0.8 and evaluate each fixed model–
relation–topology–sign-assignment condition over
five complete runs.

We report the five GovSim metrics from the
original benchmark: survival time, survival rate,
total gain, inequality, and over-usage. For com-
pact comparison across conditions, we use a nor-

malized weighted aggregate score S, with higher
values indicating better sustainability-oriented per-
formance. The weights emphasize survival time,
survival rate, and reduced over-usage. Exact defini-
tions and weights are provided in App. A.2.

4.2 Debate

We next study multi-agent debate, where relational
priors can change both whether agents agree and
whether their agreement is correct. Each debate
contains three answer rounds: agents first answer
independently, then complete two revision rounds
in which they observe the other agents’ responses
from the preceding round and may revise their own
answers, following the same AutoGen-style debate
protocol (Wu et al., 2024). This setting lets us
separate subjective consensus from objective cor-
rectness. Full debate dynamics are described in
App. B.1.

Unlike GovSim, debate teams contain different
models to introduce differences in initial answers
and confidence. Three-agent teams allow both 2–1
majorities and three-way disagreement while keep-
ing the experiments tractable. Each revision round
exposes every agent to the other agents’ previous-
round responses, so the interaction structure is
complete. We also use a complete relation net-
work. We evaluate one GPT group (GPT-4.1-nano,
GPT-4.1-mini, and GPT-4o-mini) and one open-
weight group (LLaMA-3.3-70B-Instruct, Qwen-
3-32B, and Mixtral-8x22B-Instruct-v0.1), using
greedy decoding throughout.

For subjective debate, we use OpinionQA (San-
turkar et al., 2023) and report final-round consensus
rate (CR): the fraction of initially disagreeing ques-
tions that end in unanimous agreement. For objec-
tive debate, we use 1,000 questions from MMLU-
Pro (Wang et al., 2024) and all questions from
GPQA-Diamond (Rein et al., 2024). We report
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Figure 3: Change in GovSim overall score S under fully positive priors (λ = 1) relative to NO-PRIOR, by model backbone,
relation type, topology, and team size. NO-PRIOR scores are shown in parentheses.

the same CR, final majority-vote accuracy (ACC)
over all evaluated questions, and Consensus Cor-
rectness Rate (CCR). CCR is the fraction of consen-
suses formed from initial disagreement that are cor-
rect. Initial disagreement is determined separately
for each condition because relational prompts are
present from the first answer. ACC therefore evalu-
ates all questions, whereas CR and CCR describe
consensus formation among initially disagreeing
questions. Formal definitions are given in App. B.2.

5 Results and Analysis

5.1 GovSim: Positivity Supports Sustainable
Coordination

More positive relations generally improve sustain-
ability within the GovSim relational-prior sweep.
The aggregate score S is typically higher under all-
positive than all-negative relations in both the three-
agent setting (Fig. 2) and the five-agent setting
(App. Fig. 11), with reversals at intermediate pos-
itivity levels in several sweeps. For the complete
three-agent graph, 10 of the 12 all-positive minus
all-negative score differences have 95% run-level
bootstrap CIs entirely above zero. The exceptions
are Qwen-3-32B under Attitude (∆S = +24.7,
95% CI: [−13.7,+63.4]) and Influence (∆S =
−21.1, 95% CI: [−52.3,+15.8]), where the direc-
tion of the difference remains uncertain. Full re-
sults are reported in App. A.3.

Whether adding fully positive relations improves
on NO-PRIOR is a separate, model-dependent ques-
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Figure 4: Three-agent GovSim overall score S under
EXPLICIT-NEUTRAL, by model backbone and relation type.
Dashed lines show the corresponding NO-PRIOR base-
lines. Model labels shorten GPT-4.1-mini, Qwen-3-32B,
and LLaMA-3.3-70B-Instruct to “GPT-4.1-m”, “Qwen”, and
“LLaMA”, respectively.

tion (Fig. 3). In five-agent GovSim, GPT-4.1 re-
mains close to its no-prior score across relation
types and topologies. LLaMA-3.3-70B-Instruct
gains substantially in several configurations, while
GPT-4.1-mini and Qwen-3-32B show both gains
and losses. Thus, higher positivity generally helps
relative to negative relations, while gains over omit-
ting relational framing depend on the model and
configuration.

The gains and losses also depend on relation
type and topology. Across the fully positive config-
urations in Fig. 3, Attitude has a smaller worst-case
loss than Trust or Influence, while Influence spans
the widest range of gains and losses. Among the
five-agent topologies, chain spans the largest range
across models and relation types, with narrower
ranges for star and tree. For example, with LLaMA-
3.3-70B-Instruct and fully positive Influence, the
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Figure 6: Debate accuracy (ACC) differences in percentage
points relative to NO-PRIOR. Fully positive priors remain
below NO-PRIOR accuracy in 10 of 12 comparisons. Dashed
lines mark zero difference; annotations show NO-PRIOR ACC.

gain over NO-PRIOR is 41.0 score points for chain,
27.2 for star, and 0.3 for tree. The chain configu-
ration gives the largest observed gain in the figure.
These differences show that changing which pairs
receive relational cues can substantially change out-
comes even when message routing is fixed.

Explicit neutrality also changes outcomes. In
three-agent GovSim, EXPLICIT-NEUTRAL scores
are below NO-PRIOR in 11 of the 12 model–
relation comparisons; GPT-4.1 under Attitude is
the exception (Fig. 4). Five-agent neutral controls
are also mostly below NO-PRIOR (App. Fig. 12).
Stating neutral relations is therefore a distinct in-
tervention rather than an interchangeable no-prior
control.
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Figure 7: Debate Consensus Correctness Rate (CCR) differ-
ences in percentage points relative to NO-PRIOR. On MMLU-
Pro, CCR is lower under all-positive than all-negative relations
in all six comparisons. Dashed lines mark zero difference;
annotations show NO-PRIOR CCR.

5.2 Debate: Agreement Can Diverge from
Correctness

On OpinionQA, fully positive relations produce
more consensus than fully negative relations for
both model groups and all three relation types
among questions with initial disagreement (left
panels of Fig. 5). Relative to NO-PRIOR, fully pos-
itive Attitude and Trust improve CR for the open-
weight team, while its Influence condition and all
three GPT conditions remain below baseline. Opin-
ionQA has no universally correct answers, so these
results measure agreement; higher CR is useful
when consensus itself is the task objective.

On objective QA, fully positive priors yield
lower final majority-vote accuracy than NO-PRIOR

in 10 of the 12 model-group–dataset–relation com-
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Initial answers → final outcome λ = 0 λ = 1 ∆ [95% CI]

Wrong 2–1 majority → correct consensus 4.4% 4.8% +0.4 [−4.5,+5.1]

Correct 2–1 majority → wrong consensus 2.8% 1.9% −0.9 [−3.5,+1.6]

Any initial disagreement → wrong consensus 11.2% 32.0% +20.8 [+16.3,+25.3]

Table 1: Initial-to-final answer transitions for the open-weight MMLU-Pro team under Influence. Each percentage
is calculated among questions with the initial answer pattern specified in that row, separately for each condition. A
2–1 split means two agents choose the same option and the third chooses a different option; consensus requires all
three to agree. The final row measures Wrong Consensus Formation (WCF) and includes both 2–1 splits and cases
where all three initial answers differ. Changes are all-positive minus all-negative, in percentage points, with paired
95% bootstrap confidence intervals.
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Figure 8: Debate consensus rate (CR), accuracy (ACC),
and Consensus Correctness Rate (CCR) under EXPLICIT-
NEUTRAL (sij = 0), by dataset, model group, and rela-
tion type. Values are percentages. Dashed lines show the
corresponding NO-PRIOR baselines. Panel labels shorten
OpinionQA, MMLU-Pro, and GPQA-Diamond to “Opin.”,
“MMLU”, and “GPQA”, respectively.

parisons, match it in one, and exceed it in one
(Fig. 6). Accuracy improves from all-negative to
all-positive relations in all six open-weight com-
parisons, whereas the GPT changes go in both di-
rections. Positivity can therefore improve accuracy
relative to negative framing while still underper-
forming the unmodified system.

The consensus results explain why agreement
must be evaluated separately from accuracy. CR
rises from all-negative to all-positive relations in
all six open-weight objective-QA comparisons, but
in only one of the six GPT comparisons (Fig. 5).
On MMLU-Pro, CCR is lower at the all-positive
endpoint than at the all-negative endpoint in all
six team–relation combinations; five of the six all-
positive conditions also remain below NO-PRIOR

(Fig. 7). On GPQA-Diamond, CCR increases be-

tween the endpoints under Attitude and Trust for
both teams, but decreases under Influence. More
frequent consensus can therefore coexist with less
accurate consensus, depending on the team, dataset,
and relation type.

The open-weight MMLU-Pro Influence condi-
tion illustrates this directly. From λ = 0 to
λ = 1, CR increases from 33.8% to 76.9%, a
paired difference of +43.1 percentage points (95%
CI: [+37.8,+48.2]), while CCR decreases from
66.9% to 58.4%, a difference of −8.5 points (95%
CI: [−15.8,−1.0]). The team reaches consensus
more often, but a smaller share of those consen-
suses is correct.

We examine how initial disagreement ends in the
same 1,000-question MMLU-Pro experiment with
the open-weight team under Influence (Tab. 1).

In this setting, more positive relations increase
the fraction of initially disagreeing questions that
end in unanimous agreement on a wrong answer.
Changes in correcting a wrong initial majority or
turning a correct initial majority into wrong con-
sensus remain uncertain: both CIs span zero. Addi-
tional metric definitions and bootstrap details are
provided in App. B.4. CR should therefore be re-
ported together with accuracy and CCR on objec-
tive tasks.

The increase in consensus persists under both
tested prompt changes. On the first 100 MMLU-
Pro questions for the open-weight team, all-positive
Influence produces higher CR than all-negative
Influence with the original wording, a meaning-
preserving paraphrase, and reordered relation state-
ments. The increases are +31.9, +39.6, and +43.3
percentage points, respectively, and all three paired
95% CIs exclude zero (App. Tab. 3). The estimated
size of the increase varies with wording and state-
ment order. App. D provides the setup and prompt
changes.
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Relation type matters most clearly for consensus
correctness. Among fully positive priors, Influence
yields the lowest CCR of the three relation types for
both teams on both objective-QA datasets (Fig. 7).
Its direct emphasis on responding to others’ rec-
ommendations may help explain this sensitivity.
Across relation types, fully negative priors pro-
duce a larger proportional decline from NO-PRIOR

in CR than in ACC in 10 of the 12 comparisons
(App. Fig. 13). Relational framing can therefore
affect agreement and final-answer accuracy by sub-
stantially different amounts.

Under EXPLICIT-NEUTRAL, both CR and ACC
are below NO-PRIOR in all 12 objective-QA com-
parisons, while CCR changes in both directions
(Fig. 8). On OpinionQA, neutral Attitude and Trust
raise CR for both teams, while neutral Influence
lowers it. Explicit neutrality therefore changes be-
havior in ways that depend on the task and relation
type, and should be evaluated separately from omit-
ting relational framing.

6 Design Implications

Choose the task’s primary metric before selecting
a relational prompt, and compare every candidate
with NO-PRIOR. For objective QA that returns an
answer to every question, select prompts using val-
idation accuracy and report CR and CCR alongside
it. These additional metrics show how often agents
agree and how often their agreement is correct.
Keep NO-PRIOR as the default for accuracy-centric
tasks unless a relational prior improves the primary
validation metric. For tasks that reward consensus,
compare CR; for cooperative governance, compare
sustainability outcomes. Our results show why the
baseline matters: improving on negative relations
and improving on the unmodified system are differ-
ent outcomes.

Validate relation type and topology with the tar-
get model. In fully positive GovSim configura-
tions, Attitude has the smallest worst-case loss,
while Influence spans the largest gains and losses.
Chain spans a wider range across models and re-
lation types than star or tree. In objective debate,
fully positive Influence gives the lowest CCR of the
three relation types for both teams on both datasets.
These results favor evaluating the specific model–
relation–topology combination rather than choos-
ing a relational prompt from its intended social
meaning alone.

Evaluate EXPLICIT-NEUTRAL separately: stat-

ing neutrality changes outcomes relative to omit-
ting relational framing. Use all-negative and all-
positive networks as boundary conditions, and in-
clude mixed signs, relation-type variation, and ap-
plicable sparse topologies to test sensitivity to rela-
tional framing. These comparisons make relational
priors useful both as task-specific interventions and
as diagnostic probes of how social context changes
group behavior.

7 Conclusion

We studied explicit relational priors in LLM-
based multi-agent systems using a signed-network
prompt intervention that keeps task protocols fixed.
More positive relations generally improve sustain-
ability within the GovSim relational-prior sweep
and increase consensus on subjective questions. On
objective QA, fully positive priors usually remain
below no-prior accuracy, and some conditions pro-
duce more frequent but less accurate consensus.
The central distinction is therefore between mak-
ing agents coordinate or agree and improving the
task’s actual outcome. Model backbone, relation
type, topology, and explicit neutrality all affect that
distinction. Relational priors provide task-specific
interventions and diagnostic probes of convergence
pressure; their value should be established against
a no-prior baseline using the task’s primary met-
ric. For accuracy-centric tasks, no-prior prompting
remains the default unless validation supports a
relational prior.

Limitations

We study prompt-level relations that remain fixed,
symmetric, and common knowledge throughout
each interaction. This design isolates relational
framing while holding the task protocol and com-
munication graph fixed. Private, asymmetric,
learned, or evolving relations may produce differ-
ent effects; directed authority relations also require
separate study.

Our experiments cover two task families: com-
mons governance and three-agent debate. These
settings contrast coordination, consensus, and cor-
rectness, and our findings describe the tested tasks,
models, and relational structures. Larger teams,
tool-using agents, persistent memory, human-agent
interaction, and task-specific role hierarchies may
change how relational priors affect behavior and
task performance. Relational prompting therefore
needs validation in each target setting.
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Agent System Prompt in GovSim

You are John. [Task-related prompt]

You and other fishermen hold various attitudes
towards each other. Attitude can be quantified
using a score within the range of [-1, 1],
where 1 represents the strongest positive
attitude, such as kindness and affection, and
-1 represents the most negative attitude, such
as hostility and resentment.

John’s attitude score towards Kate is 1. Kate’s
attitude score towards John is also 1. John’s
attitude score towards Jack is -1. Jack’s
attitude score towards John is also -1. Kate’s
attitude score towards Jack is -1. Jack’s
attitude score towards Kate is also -1.

You make all your decisions considering the
attitudes among all of you in the group.

Figure 9: Example GovSim system prompt for agent John
under the Attitude relation type. It combines the task instruc-
tions with the relation definition and verbalized signed edges
of the relation network.

A GovSim Details

A.1 Simulation Dynamics
Resource dynamics. At the start of month t, the
shared stock h(t) is available. Each simulation
lasts T = 12 months or until the stock collapses.
A collapse occurs when h(t) falls below a small
constant C = 5, at which point no further extrac-
tion is possible. The sustainability threshold f(t)
is the maximum combined harvest that leaves the
next month’s stock at least as large as the current
stock. With GovSim’s doubling-regeneration dy-
namics, f(t) = h(t)/2. After harvest, the resource
regenerates according to

h(t+ 1) = min

{
2

[
h(t)−

n∑

i=1

ri,t

]
, 100

}
,

(4)
where ri,t is the quantity harvested by agent i at
month t. The remaining stock doubles, up to the
capacity of 100. To maintain the resource, the
group must therefore harvest no more than half of
the current stock in total.

Chain

Star Tree

Figure 10: Five-agent relation topologies used in GovSim.
Each topology contains four relational edges and changes only
which agent pairs receive explicit relational context; it does
not change message routing.

Monthly phases. Each month comprises two
phases. In the harvest phase, agents privately
choose how much of the resource to extract, subject
only to the available stock. Decisions are submit-
ted simultaneously; after execution, each agent’s
choice and the remaining stock h(t)−∑

i ri,t are
disclosed to all agents. In the discussion phase,
agents converse in natural language. They may
share beliefs about sustainability, negotiate, appeal
to moral principles, or adjust their strategies. Rela-
tional priors supply context for these decisions and
discussions; agents still choose their own words
and harvest quantities. After discussion, the new
stock h(t+ 1) is computed as above. The process
repeats until t = T or the stock collapses.

A.2 Evaluation

We use the five metrics defined by the original
GovSim benchmark.
• Survival time (m) — The survival time is

the longest number of months during which
the shared resource remains above the collapse
threshold C: m = max({t ∈ N | h(t) > C}).

• Survival rate (q) — Proportion of runs that
achieve maximum survival time, i.e., m = 12:
q = #{m=12}

#runs .
• Total gain (R) — Average total gain per agent

over the survival period: R = 1
|I|

∑|I|
i=1Ri,

where Ri =
∑T

t=1 ri,t is the total gain of agent
i.

• Inequality (e) — Gini-based equality score
across the total gains of each agent: e = 1 −∑|I|

i=1

∑|I|
j=1 |Ri−Rj |

2|I|∑|I|
i=1 Ri

.

• Over-usage (o) — Amount of unsustainable
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Figure 11: Five-agent GovSim overall score S across model backbones, relation types, topologies, and values of λ.
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Figure 12: Five-agent GovSim overall score S under EXPLICIT-NEUTRAL, by model backbone, relation type, and topology.
Dashed lines show the corresponding NO-PRIOR baselines.

behavior across a simulation. It is the per-
centage of actions across the simulation that
exceed the sustainability threshold: o =∑|I|

i=1

∑T
t=1 1(ri,t>f(t))
|I|·m .

We also use the aggregate score S to integrate the
original five metrics. We first normalize each met-
ric by its theoretical maximum value, making sure
that larger values correspond to better performance.
For example, for inequality/equality e, the normal-
ized metric is ẽ = 1− e when e is represented as
inequality. We then take a weighted linear mean:

S = w1m̃+ w2q̃ + w3R̃+ w4ẽ+ w5õ, (5)

where w1 = w2 = w5 = 2
8 and w3 = w4 = 1

8 ,
since survival time, survival rate, and over-usage
directly assess system sustainability.

A.3 GovSim Bootstrap Intervals

For each model and relation type in the complete
three-agent setting, we estimate the all-positive mi-
nus all-negative score difference, ∆S = Sλ=1 −
Sλ=0. Each condition contains five simulation runs.
We construct a bootstrap sample by selecting five
runs with replacement from each condition, inde-
pendently, keeping all agents and months within
each selected run together. We then recompute S
for each condition and calculate their difference.
With five runs per condition, we can enumerate
all possible ordered resamples and calculate the
score difference for every pair of endpoint resam-
ples. The 2.5th and 97.5th percentiles of these
differences give the 95% bootstrap confidence in-
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Model Relation ∆S 95% bootstrap CI

GPT-4.1-mini Attitude +68.4 [+43.2,+81.5]
GPT-4.1-mini Trust +39.0 [+10.1,+67.7]
GPT-4.1-mini Influence +78.1 [+76.7,+81.1]
GPT-4.1 Attitude +81.4 [+80.8,+82.2]
GPT-4.1 Trust +80.7 [+79.5,+82.1]
GPT-4.1 Influence +82.2 [+81.6,+82.8]
Qwen-3-32B Attitude +24.7 [−13.7,+63.4]
Qwen-3-32B Trust +50.2 [+21.8,+78.4]
Qwen-3-32B Influence −21.1 [−52.3,+15.8]
LLaMA-3.3-70B-Instruct Attitude +36.8 [+7.7,+65.7]
LLaMA-3.3-70B-Instruct Trust +36.5 [+7.8,+65.4]
LLaMA-3.3-70B-Instruct Influence +38.1 [+8.8,+67.1]

Table 2: Three-agent GovSim all-positive minus all-negative score differences, ∆S = Sλ=1 − Sλ=0, with 95% complete-run
bootstrap confidence intervals. Each endpoint contains five runs. Differences are measured in score points.

terval. Ten of the twelve intervals lie entirely above
zero, supporting higher sustainability scores under
all-positive relations in those comparisons. For
Qwen-3-32B under Attitude and Influence, the in-
tervals span zero and the direction of the difference
remains uncertain. Tab. 2 reports all differences
and intervals.

B Debate Details

B.1 Debate Dynamics

We follow the AutoGen debate protocol.1 We
model a K-agent, T -round debate for question xn.
Let z(t)i,n denote the complete textual response pro-
duced by agent i ∈ {1, . . . ,K} at round t, includ-
ing its selected answer and explanation. Let Yn be
the answer-option set for xn, and let

a
(t)
i,n = Extract

(
z
(t)
i,n

)
∈ Yn (6)

denote the extracted answer option. We write
Z

(t)
n = (z

(t)
1,n, . . . , z

(t)
K,n) for the agents’ responses

at round t, and Z
(t)
−i,n = (z

(t)
j,n)j ̸=i for the responses

of all agents other than i.
In round 1, agents answer independently given

the question and their relational prompts:

z
(1)
i,n = LLMi(xn | Πi(r,GR)) . (7)

For each revision round t = 2, . . . , T , agent i re-
tains its accumulated dialogue history H

(t−1)
i,n and

is additionally shown the other agents’ responses

1https://microsoft.github.io/autogen/stable/
user-guide/core-user-guide/design-patterns/
multi-agent-debate.html

from the preceding round:

z
(t)
i,n = LLMi

(
xn | Πi(r,GR), H

(t−1)
i,n , Z

(t−1)
−i,n

)
.

(8)
The debate trajectory for question xn is the se-
quence {Z(t)

n }Tt=1. We use greedy decoding for all
models and three answer rounds in total: one initial
answer followed by two revisions.

B.2 Evaluation
All debate metrics are computed from the extracted
answer options a(t)i,n. For a dataset of N questions,

question xn is in full consensus at round t if a(t)1,n =

· · · = a
(t)
K,n. Let

I =
{
n ∈ {1, . . . , N} : ∃ i, j such that a(1)i,n ̸= a

(1)
j,n

}

(9)
be the set of questions that begin with disagreement,
and let

C =
{
n ∈ I : a

(T )
1,n = · · · = a

(T )
K,n

}
(10)

be the subset that reaches full consensus in the final
round. We construct I and C separately for each
condition because relational prompts can change
both initial and final answers. The final-round con-
sensus rate is the fraction of initially disagreeing
questions that reach consensus:

CR =
|C|
|I| . (11)

For subjective tasks, we use OpinionQA, a
dataset derived from opinion polls and designed
to evaluate alignment with human opinions on sub-
jective issues. These questions have no universally

63

https://microsoft.github.io/autogen/stable/user-guide/core-user-guide/design-patterns/multi-agent-debate.html
https://microsoft.github.io/autogen/stable/user-guide/core-user-guide/design-patterns/multi-agent-debate.html
https://microsoft.github.io/autogen/stable/user-guide/core-user-guide/design-patterns/multi-agent-debate.html


correct answers, so CR measures how often initially
disagreeing agents reach unanimous agreement.

For objective tasks, we use MMLU-Pro and
GPQA-Diamond and apply the same definition of
CR. We obtain the final debate answer by majority
voting over the agents’ final-round answer options:

ŷn = arg max
y∈Yn

K∑

i=1

1
[
a
(T )
i,n = y

]
. (12)

Since each question has a ground-truth answer yn,
we report the accuracy of ŷn over all N questions.
For each n ∈ C, let cn = a

(T )
1,n = · · · = a

(T )
K,n

denote the final consensus answer. The Consensus
Correctness Rate (CCR) is the fraction of these
newly formed consensuses that are correct:

CCR =
|Ccorr|
|C| , Ccorr = {n ∈ C : cn = yn} .

(13)
Thus, ACC measures final-answer accuracy on the
full dataset, CR measures how often initial dis-
agreement ends in consensus, and CCR measures
the correctness of those consensuses.

B.3 Debate Bootstrap Intervals

For the open-weight MMLU-Pro team under In-
fluence, we estimate the all-positive minus all-
negative differences in CR and CCR using a paired
question bootstrap. We sample 1,000 questions
with replacement from the evaluated questions and
use the same sampled questions in both conditions,
retaining each question’s recorded responses from
all agents across all rounds. For each condition, we
recompute CR as the fraction of initially disagree-
ing questions that reach final consensus, and CCR
as the fraction of those consensuses that are cor-
rect. Initial answers and final consensus can differ
between conditions, so the questions contributing
to each rate are determined separately. We then
subtract the all-negative rate from the all-positive
rate. We repeat this procedure 100,000 times us-
ing random seed 0 and take the 2.5th and 97.5th
percentiles of the resulting differences as the end-
points of the 95% bootstrap confidence interval.
The differences are +43.1 percentage points for
CR (95% CI: [+37.8,+48.2]) and −8.5 points for
CCR (95% CI: [−15.8,−1.0]). In this setting, all-
positive relations produce consensus more often,
but a smaller fraction of those consensuses is cor-
rect.
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Figure 13: Percentage changes in debate consensus rate (CR)
and accuracy (ACC) at λ = 0 relative to NO-PRIOR, by
model group, dataset, and relation type. Solid lines mark zero
change.

B.4 Initial-to-Final Answer Transitions

We complement CCR with transitions that describe
which initial answer patterns end in correct or
wrong consensus. We analyze the open-weight
MMLU-Pro team under Influence, comparing the
all-negative (λ = 0) and all-positive (λ = 1) condi-
tions used in Sec. 5.2. We use the paired question-
level bootstrap procedure described in App. B.3.

We report three question-level measures. Wrong-
majority correction is the fraction of initial 2–1
splits with a wrong majority that end in 3–0 correct
consensus. Correct-majority failure is the fraction
of initial 2–1 splits with a correct majority that
end in 3–0 wrong consensus. Wrong Consensus
Formation (WCF) is the fraction of all initially non-
unanimous questions, including 1–1–1 splits, that
end in 3–0 wrong consensus. Each rate uses the
questions with its specified initial answer pattern,
determined separately in each condition. The com-
parison is therefore between all-positive and all-
negative relations within each measure. For each
measure, we estimate the all-positive minus all-
negative difference using 100,000 paired question-
level bootstrap samples. The same question indices
are used at both endpoints, and the corresponding
conditional denominator is recomputed in every
sample.

Tab. 1 in Sec. 5.2 reports the transition rates,
endpoint differences, and confidence intervals.
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Prompt variant all −1 all +1 ∆CR (points) Paired 95% CI

Original 42.0% 73.9% +31.9 [+13.9,+49.3]
Paraphrased 30.8% 70.4% +39.6 [+22.8,+55.9]
Reordered 33.3% 76.6% +43.3 [+25.9,+59.7]

Table 3: Prompt wording and statement-order check for the open-weight team under Influence on the 100-question MMLU-Pro
subset. CR is measured among questions with initial disagreement. ∆CR is all-positive minus all-negative, in percentage points.
All three formulations produce higher CR under all-positive relations.

C Consensus and Accuracy under Fully
Negative Priors

Relative to NO-PRIOR, fully negative priors pro-
duce a larger proportional decline in consensus
than in accuracy in 10 of the 12 comparisons
(Fig. 13). We measure relative percentage change
as 100(Mλ=0 −MNO-PRIOR)/MNO-PRIOR for M ∈
{CR,ACC}. This pattern holds in all six open-
weight conditions and all three GPT MMLU-Pro
conditions, as well as GPT GPQA-Diamond un-
der Influence. The exceptions are GPT GPQA-
Diamond under Attitude and Trust, where CR is
slightly above NO-PRIOR while ACC is below
it. For open-weight MMLU-Pro, CR decreases by
40.8–54.4%, compared with 7.5–14.1% for ACC.
These are proportional changes from each metric’s
own baseline; the main debate figures instead re-
port percentage-point differences.

D Prompt Robustness to Wording and
Statement Order

We test whether all-positive Influence still produces
more consensus than all-negative Influence when
the relational wording is paraphrased or the relation
statements are reordered.

D.1 Setup and Prompt Variants

We used the first 100 questions from the main exper-
iment’s MMLU-Pro sample. The three-agent team
comprised Mixtral-8x22B-Instruct-v0.1, Qwen-3-
32B, and LLaMA-3.3-70B-Instruct. The debate
protocol and decoding settings matched the main
experiments. We evaluated six conditions: the orig-
inal, paraphrased, and reordered Influence prompts,
each with all three mutual relations set to either −1
or +1.

The original condition used the main exper-
iment’s Influence wording and listed the three
mutual-pair blocks in the order A–B, A–C, B–C.
The paraphrased condition replaced terms such as
“influence score,” “follow their lead,” and “contrar-
ian influence” with a response-score description

in which an agent moves toward or away from an-
other agent’s recommendations. Agent identities,
pair mappings, statement directions, and numerical
signs were unchanged. The reordered condition re-
tained the original text verbatim and changed only
the pair-block order to B–C, A–C, A–B.

The relation-definition portion contained 82
words in both the original and paraphrased versions,
and the six agent-specific relation statements con-
tained 45 words in both. The variants are matched
in word count; model-specific token counts may
differ. The question prompts and subsequent-round
decision prompts were unchanged across all condi-
tions.

D.2 Evaluation

We report consensus rate (CR) for questions whose
three initial answers were non-unanimous. A ques-
tion counts as a final consensus only when all three
final answers are the same option. For each prompt
variant, we subtract the all-negative CR from the
all-positive CR. We estimate 95% bootstrap per-
centile intervals using 100,000 paired question-
level bootstrap samples. The same resampled ques-
tion indices are used across all six conditions, and
the conditional denominators are recomputed in
every sample.

D.3 Results

All-positive relations produce more consensus than
all-negative relations with the original, paraphrased,
and reordered prompts, and all three paired inter-
vals exclude zero (Tab. 3). On this 100-question
MMLU-Pro subset with the open-weight team, the
increase in consensus therefore persists under both
tested changes. The size of the increase varies with
wording and statement order.

E Use of AI Assistants

The manuscript uses AI assistance primarily for
language editing and restructuring under the au-
thor’s supervision. AI assistance was not used to
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originate the research idea, generate the experimen-
tal data, create the reported numerical results, or
perform the evaluation.
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