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Abstract

A central bottleneck in LLM-based multi-agent
systems is not whether agents can talk, but
what their communication is made of. Most
protocols exchange ordinary natural-language
traces in fixed answer—critique formats, forc-
ing recurring proof states, option contrasts, and
variable relations to be repeatedly rephrased.
We introduce COGENT (Collective Ground-
ing of Emergent Named Terms), a black-
box communication layer that augments trace-
only exchange with a coin—share—use lifecy-
cle. Agents coin task-local terms with explicit
definitions and same-turn use, share accepted
entries through a shared term board, and then
reuse, challenge, or repair them in later inter-
action. On pilot slices of MMLU, FOLIO, and
GSMSK, COGENT improves accuracy over
vanilla debate on five of six model-task pairs
and reduces post-warm-up debate tokens across
all evaluated pairs. In a five-game Werewolf
stress test, public terms also receive far stronger
reuse and cross-speaker uptake than faction-
private terms. These results suggest that MAS
communication can improve by redesigning its
basic unit: from longer traces to shared task-
local words that agents can use together.

1 Introduction

In LLM-based multi-agent systems (MASs), a
key bottleneck is not only how many agents
speak, but what communicative objects they share
(Wooldridge, 2009; Dorri et al., 2018; Guo et al.,
2024; Li et al., 2024; Han et al., 2024a; Yan et al.,
2025). Existing MAS protocols let agents compare
answers, critique claims, and revise decisions, usu-
ally by passing natural-language traces through
fixed answer—critique formats (Du et al., 2024;
Madaan et al., 2023; Shinn et al., 2023; Li et al.,
2023; Wu et al., 2024; Hong et al., 2024; Qian et al.,
2024). Such traces are expressive, but weak as
reusable infrastructure: the same proof status, op-
tion contrast, or variable relation must be rephrased

across turns, which can lengthen interaction or drift
in meaning.

This paper studies lexical innovation as a com-
munication primitive for LLM-based MASs. Hu-
man teams stabilize collaboration by inventing lo-
cal names: a shorthand for a case distinction, a
nickname for a failure mode, or a variable name
for a recurring quantity (Clark and Marshall, 1981;
Lewis, 1969; Brennan and Clark, 1996). The key
property of such names is not novelty, but uptake.
A local expression becomes useful only when oth-
ers can apply, challenge, or repair it under the same
task criterion. We ask whether LLM agents can
similarly coin task-local terms, expose them to col-
laborators, and use them as shared reasoning units.

We introduce COGENT, Collective Grounding
of Emergent Named Terms, a black-box communi-
cation layer built around a coin—share—use lifecycle.
In Coin, each agent may create a term in the form
term = brief definition, accepted only if it
is used in the same reasoning turn. In Share, ac-
cepted entries are placed in a shared KNOWN_TERMS
block. In Use, later interaction is conditioned on
this board, allowing agents to reuse, contest, or re-
pair coined terms rather than repeatedly reconstruct
the same reasoning structure. Figure 1 illustrates
the lifecycle.

The design follows a use-based account of mean-
ing: a coined term is not grounded because it is
short, but because it supports rule-governed public
use (Wittgenstein, 1953; Grice, 1975; Clark and
Marshall, 1981; Clark and Brennan, 1991; Bren-
nan and Clark, 1996; Lewis, 1969; Pickering and
Garrod, 2004). COGENT therefore treats term
creation, visibility, and uptake as distinct events.
Coining proposes a lexical handle; sharing makes
it available; use tests whether it preserves the task
criterion.

We evaluate COGENT on MMLU, FOLIO,
and GSMSK slices, with an exploratory Werewolf
hidden-information setting. COGENT improves
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Figure 1: Overview of the COGENT coin—share—use communication layer. Coin creates definition-bound lexical
candidates; Share exposes accepted entries; Use tests public uptake in later interaction.

accuracy over vanilla debate on five of six model—
task pairs and reduces post-warm-up debate tokens
across all evaluated pairs; Werewolf further shows
stronger reuse and cross-speaker uptake for pub-
lic terms than faction-private terms. Overall, we
shift MAS design from exchanging more traces to
creating shared task-local words that make later
communication more stable, auditable, and effi-
cient.

2 Related Work

Communication protocols in LLM-based multi-
agent systems. Classical MAS research treated
communication and coordination as protocol-
level design problems, from contract nets to
broader multi-agent architectures (Smith, 1980;
Wooldridge, 2009; Dorri et al., 2018). Recent
LLM reasoning systems increasingly treat infer-
ence as interaction rather than a single forward
pass. Chain-of-thought prompting elicits interme-
diate rationales (Wei et al., 2022); self-consistency
samples and aggregates multiple reasoning paths
(Wang et al., 2023); Tree-of-Thoughts searches
over partial solution states (Yao et al., 2023); and
Self-Refine and Reflexion use verbal feedback to
iteratively revise outputs (Madaan et al., 2023;
Shinn et al., 2023). Multi-agent debate assigns
several model instances to propose answers, in-
spect one another’s claims, and update over rounds
(Du et al., 2024). Broader LLM-agent frame-
works, social-simulation studies, and surveys like-
wise foreground conversation, role structure, work-
flow orchestration, and collaboration channels as

central design choices (Li et al., 2023; Park et al.,
2023; Wu et al., 2024; Hong et al., 2024; Qian
et al., 2024; Gao et al., 2024; Dai et al., 2026; Zou
et al., 2025; Guo et al., 2024; Li et al., 2024; Han
et al., 2024a; Yan et al., 2025). These systems
show that communication can improve reasoning,
but usually treat the medium as transparent: agents
pass ordinary natural-language traces through fixed
answer—critique formats. COGENT asks whether
the communication substrate itself can be improved
by allowing agents to create task-local lexical ob-
jects, share them, and test their public use.

Compression, memory, and reusable reasoning
state. Long deliberation can preserve intermedi-
ate information, but also increases context length
and makes later turns depend on verbose, para-
phrased, or unstable prior text (Shannon, 1948;
Zipf, 1949). Summarization, memory-style prompt-
ing, and feedback histories can reduce surface
length or retain critiques (Madaan et al., 2023;
Shinn et al., 2023; Zou et al., 2025). However,
a summary is still typically a restatement of earlier
text. It may be shorter without becoming a reusable
object of agreement, disagreement, or repair. CO-
GENT separates lexical reuse from ordinary com-
pression. A candidate term must be introduced
with an explicit definition, used in the same reason-
ing turn, exposed through a shared term board, and
evaluated by later uptake. This makes the commu-
nication unit auditable: a term can be compact but
ungrounded if no other agent can use it consistently,
while a longer coined expression can still preserve
the task criterion needed for later reasoning.



Grounding, conceptual pacts, and lexical coor-
dination. COGENT also connects LLM-MAS
design to theories of dialogue grounding and lexi-
cal coordination. Work on semantic coordination,
conceptual pacts, and interactive alignment shows
that communication is not completed by producing
an utterance; interlocutors establish local conven-
tions shaped by the current joint activity (Grice,
1975; Lewis, 1969; Clark and Marshall, 1981; Gar-
rod and Anderson, 1987; Clark and Brennan, 1991;
Brennan and Clark, 1996; Pickering and Garrod,
2004; Garrod and Pickering, 2004). Emergent-
communication work studies learned symbol sys-
tems under multi-agent rewards (Foerster et al.,
2016; Lazaridou et al., 2017; Havrylov and Titov,
2017; Mordatch and Abbeel, 2018); COGENT
instead exposes definition-bound terms inside or-
dinary LLM interaction. A local name becomes
efficient only after participants know how to use
it, when to reject it, and what distinction it pre-
serves. COGENT operationalizes this insight for
LLM-based MASs. Its coined terms are not gen-
eral dictionary entries, nor are they evaluated by
novelty alone. They are task-local lexical commit-
ments whose value depends on provenance, vis-
ibility, cross-speaker uptake, reuse, repair, and
downstream decision effects. In this sense, CO-
GENT reframes multi-agent communication from
exchanging more text to building shared words that
structure later reasoning.

3 Method: The Coin—Share-Use
Communication Layer

COGENT is a black-box communication layer
around a base LLM fy (Vaswani et al., 2017). For
each problem g, it instantiates two agents, AgentA
and AgentB, with independent histories, agent-
private self-coined lexicons L4 and Lp, and a
shared term board LP"P visible to both agents.
The protocol follows a coin—share—use lifecycle.
Agents first solve independently to preserve the
same starting condition as vanilla debate; they then
coin task-local terms, share accepted entries, and
use the shared terms in later lexicon-conditioned
interaction. Figure 1 gives the compact view, while
Algorithm 1 formalizes the experimental control
logic.

Pre-step: ordinary independent solving. Each
agent first answers independently:

mi = fo(Puie(q)), i€ {A,B}.

Algorithm 1 COGENT Coin-Share-Use
Communication(q; R, K, R.)

Input: instance g, meta-rounds R, coining passes K, active
coining rounds R,

Output: final answer a

1: La, Lp, LP"® «+ 0; initialize histories

Pre-step: ordinary independent solving

: fori € {A, B}: m? <~ LLMSTEP(i, Pinis(q))

s ol —mYy,mY

forr =1to Rdo

K, + K ifr < R., otherwise 0
Coin
foralli € {A, B} do
(Li, £;) + COIN(i, £;, Li, LP"P | K.
end for

Share

9. pa,pB < La,lp; LP"* < LoULp
Use

10:  m7 « USE(A, q,ps, LP"P); update L a, £

11: LP" « LaULp

12:  m; < USE(B, q,m%, LP"P); update L, {5

13: end for

14: 4 + FINALIZE(m%, m%)

Dhwn

P D

This produces the same starting condition as vanilla
sequential debate, with no lexicon field in the initial
prompt. The pre-step is not part of the lexical
lifecycle; it ensures that COGENT and vanilla
debate begin from comparable ordinary answers.

Step 1: Coin. During the first R, meta-rounds,
each agent performs K coining passes over its own
latest response:

(% ALY = fo(Paame (6777
rk— ub
Lt L),

7

During Coin, each agent revisits its latest reason-
ing and constructs an agent-private self-coined lex-
icon. The prompt uses a protocol-defined term-
definition format: a candidate is accepted only if
it appears as t = d, is used in the same reason-
ing trace, and passes novelty/blocklist checks. It
also forbids final-answer markers so that coinage
does not become a hidden answer-selection step.
This implements a use-bound definition: a term
must already do inferential work for the agent that
coined it. Definition gives the term a local binding,
while same-turn use tests whether it functions in the
reasoning trace rather than serving as a decorative
label. Thus Coin is not ordinary summary com-
pression: a summary can shorten a trace without
creating an object of later agreement, disagreement,
repair, or replacement.

Step 2: Share. At communication boundaries,
accepted entries from the agent-private lexicons



are shared through the shared term board:
LR = 1 U LY.

Each shared entry contains the surface term, defi-
nition, and provenance, making it available as an
explicit communication resource rather than an im-
plicit phrase buried in a trace. Share is a visibility
transition, not grounding itself: it exposes a coined
term to collaborators, but later interaction must still
test whether others can use it under the intended
task criterion.

Step 3: Use. Use is implemented as lexicon-
conditioned sequential debate. The shared term
board is injected into the public interaction prompt,
and agents may reuse, challenge, repair, or ignore
available coined terms. The sequential updates are

miy = fo Pacvate(a. Dz L2™) )

mrB = f9 (Pdebate(Q7 mrAa LEUb)) .

Use tests coined terms as public reasoning objects.
A term that is shared but never taken up remains a
private label; a term reused, challenged, or repaired
around the same task criterion becomes evidence
of public utilization.

Post-step: finalization. The controller extracts
predictions only from the latest interaction re-
sponses and returns

a = FINALIZE (Extract(m®), Extract(mJ)) .

Finalization is kept separate from the coin—share—
use lifecycle: it reads the latest predictions, while
the lifecycle describes how agents build and use
the communication layer.

Metrics. We report task accuracy, compression
rate, and post-warm-up token count. For CO-
GENT, if B,’® is the sum of the agents’ initial-
output lengths and Wy°® is the sum of their post-
warm-up private-state lengths, then

cog

cRrees = Wn

n cog
By,

The token column for COGENT reports the av-
erage length of the final no-compression debate
round after warm-up, not total API usage. For
Werewolf, where there is no single gold answer, we
additionally report lexical uptake:

Nreuse
Uptake = ,
term
where N;euse 1S the number of observed term reuses

and Nieppy, is the number of accepted terms.

4 Experimental Setup

We evaluate COGENT on three answer-oriented
benchmarks: MMLU for broad multiple-choice
knowledge (Hendrycks et al., 2021), FOLIO for
natural-language reasoning with first-order logic
annotations (Han et al., 2024b), and GSM8K for
grade-school mathematical reasoning (Cobbe et al.,
2021). We use cost-controlled slices of 500 MMLU
examples, 282 FOLIO examples, and 500 GSM8K
examples.

The main experiments use GPT-3.5-Turbo and
Qwen3-35B-A3B Instruct with thinking mode dis-
abled. For each model-benchmark pair, we com-
pare three variants: SINGLE, a one-agent answer;
VANILLA, two-agent sequential debate without
a lexicon channel; and COGENT, which adds
the coin—share—use communication layer. Unless
otherwise stated, COGENT uses (R, K, R.) =
(3,2,2): three meta-rounds, two coining passes
per active warm-up round, and two coining-active
rounds before debate-only interaction.

For lexical-function analysis, benchmark terms
are softly annotated into six categories: discrim-
inative cue, domain concept, quantity/unit vari-
able, operation checkpoint, proof-status logic, and
gap/uncertainty marker. We use human annotation
with LLM-assisted verification and manual adjudi-
cation; Appendix C gives the full protocol. We also
include a five-game Werewolf stress test. Because
Werewolf produces full hidden-role game trajec-
tories rather than standardized answer markers, it
is analyzed separately through lexical-grounding
metrics. In this setting, COGENT maintains both
a public term pool visible to all players and a wolf-
private pool visible only to the wolf faction.

5 Results

Table 1 tests whether the coin—share—use commu-
nication layer improves the accuracy—efficiency
profile of multi-agent interaction. It shows three
main patterns. First, COGENT improves accuracy
over vanilla debate on five of six model-task pairs.
For GPT-3.5-Turbo, accuracy rises from 64.80% to
65.20% on MMLU, from 40.20% to 47.06% on FO-
LIO, and from 78.20% to 79.40% on GSMS8K. For
Qwen3-35B-A3B, it rises from 87.33% to 87.80%
on MMLU and from 85.78% to 87.25% on FO-
LIO. The only regression is Qwen3-35B-A3B on
GSMB8K, where COGENT reaches 96.00% com-
pared with 96.59% for vanilla debate.

Second, the strongest gains appear on FOLIO.



Model Variant MMLU (500) FOLIO (282) GSMSK (500)
Acc. CR Tok. Acc. CR Tok. Acc. CR Tok.
Single 60.00 N/A 127.02 40.69 N/A 105.06 6720 N/A 89.34
GPT-3.5-Turbo Vanilla 64.80 091 209.98 40.20 0.99 195.74 78.20 197 99.22
COGENT 65.20 0.40 100.17 47.06 0.46 120.74 79.40 0.79 86.47
Single 86.13 N/A 43549 81.86 N/A 450.80 96.29 N/A 99.63

3-35B-A3B

Sxetrlllink Vanilla 87.33 1.39 1031.98 85.78 1.09 530.42 96.59 1.45 373.70
COGENT 87.80 0.42 265.47 87.25 0.42 344.49 96.00 0.70 190.18

Table 1: Main results on MMLU, FOLIO, and GSMS8K. Accuracy is reported in percentage. CR is the compression
rate, where lower values indicate stronger warm-up shortening. Tok. denotes raw single-answer tokens for SINGLE
and post-warm-up debate tokens for VANILLA/COGENT, not total API usage.

This is consistent with the role of public terms:
FOLIO requires agents to preserve entailment, con-
tradiction, and underdetermination across turns. A
well-defined public term can stabilize proof status
and prevent later debate from rephrasing a premise
relation incorrectly.

Third, COGENT consistently reduces post-
warm-up debate tokens relative to vanilla debate.
The reductions are approximately 52.3%, 38.3%,
and 12.9% for GPT-3.5-Turbo on MMLU, FOLIO,
and GSMBK, respectively. For Qwen3-35B-A3B,
the corresponding reductions are approximately
74.3%, 35.1%, and 49.1%. These token numbers
should be read as downstream debate length after
warm-up, not total API cost. Together, the results
support a cautious interpretation: COGENT is a
communication protocol whose success depends on
whether shared coined terms preserve the criteria
needed for the final answer. The Qwen3-35B-A3B
GSMBSK result shows that stronger shortening can
coexist with a small loss in exact arithmetic accu-
racy.

Exploratory Werewolf summary. Table 2 gives
a compact summary of the Werewolf stress test.
Across five games, COGENT accepts 32 terms
and observes 417 reuses, yielding a lexical uptake
rate of 13.03. Public exposure is especially pro-
ductive: public terms represent 37.5% of accepted
entries but account for 69.5% of observed reuse,
with a reuse-per-entry rate 3.81 times that of wolf-
private terms. These numbers should not be read
as a clean full-game efficiency win; rather, they
show that COGENT makes convention formation
measurable under hidden information.

6 Analysis

6.1 From trace exchange to coined-term use

The useful abstraction for COGENT is not com-
pression alone, but criterion-preserving use. A
compression analysis asks whether a coined string
shortens a trace. A communication analysis asks
what counts as using that string correctly within the
local activity (Wittgenstein, 1953). On this view, a
term matters only if it preserves the task criterion
that later agents must continue to apply.

The benchmark Ilexicons make this task-
dependence visible. MMLU turns coinage into
classificatory distinction, GSM8K into local mathe-
matical notation, FOLIO into proof-status tracking,
and Werewolf into social-epistemic rule formation
under hidden information. The same operation—
coining a term—therefore acquires different lin-
guistic functions depending on what the task re-
quires agents to preserve.

6.2 Lexical ecology across tasks

The lexical ecology varies systematically by task;
Appendix D reports detailed counts, criteria,
and examples. The main finding is not lexi-
con size alone, but functional specialization. In
MMLU, useful terms name option-level contrasts;
in GSMSK, they behave like temporary variables
or operation labels; in FOLIO, they mark entail-
ment, contradiction, or underdetermination; and in
Werewolf, they name public stances, pressure sets,
role-claim effects, and voting responsibilities. This
supports the central thesis of COGENT: public
meaning is a relation among term, definition, task
norm, uptake, and downstream judgment (Lewis,
1969; Clark and Brennan, 1991).

Figures 2 and 3 make the same point quanti-



Metric Value

Interpretation

Accepted Werewolf terms 32

Observed term reuses 417
Cross-speaker public 15 /32 terms
uptake

Public reuse share 69.5%

A compact task-local lexicon is formed across five hidden-role games.
Accepted terms are taken up repeatedly rather than remaining one-off labels.
Nearly half of accepted terms are used by at least two public speakers,
indicating uptake beyond the inventor.

Public terms contribute most observed reuse despite representing only 37.5%

of accepted entries.

Common-prefix token
reduction

5.23% public;
4.95% personal

At matched checkpoints, public-log and all-player personal-log contexts are
shorter than in ORIGIN.

Table 2: Compact main-text Werewolf lexical-grounding metrics. Unlike Table 1, these metrics evaluate convention
formation rather than benchmark accuracy. The full descriptive metric table is reported in Appendix E.

tatively. MMLU terms concentrate on domain
concepts and discriminative cues, GSM8K terms
on quantity/unit variables and operation check-
points, and FOLIO terms on proof-status logic
and gap/uncertainty markers. Across tasks, both
model families produce mixed lexical functions,
but Qwen3-35B-A3B shows a stronger proof-status
component while GPT-3.5-Turbo leans more to-
ward domain and quantity terms. The surface form
of a coined term is therefore less important than
the task norm it helps maintain.

6.3 MMLU and GSMSK: classification vs.
notation

MMLU turns lexical innovation into a problem of
classification. A multiple-choice answer is correct
because the agent preserves the contrast separating
the best option from plausible distractors. Terms
such as expansiovision, treaty-fulfill
mandate, focus-exclude rule, and cue-power
fading function as local discriminative handles.
They resemble conceptual pacts in dialogue (Bren-
nan and Clark, 1996), but the pact is inferential
rather than referential: a public MMLU term
succeeds when later agents can carry forward the
same option-level contrast without reconstructing
the full comparison.

GSMS8K imposes a different
calculational auditability. Terms such as
commissionalize, speedtime, unitcost,
pumpcost, and josh cookies behave like
task-local mathematical notation, preserving
quantities, units, variable roles, and operation
checkpoints. The Qwen3-35B-A3B GSMSK
result marks the boundary of the mechanism.
COGENT substantially shortens downstream
debate, but names that compress away exact
arithmetic can weaken verification. GSMS8K
therefore separates notation from abbreviation:
good notation shortens by preserving checkable

criterion:

structure; bad abbreviation hides the step another
agent must inspect.

6.4 FOLIO: rule-following and proof-status
repair

FOLIO is the clearest test of rule-governed lex-
ical use. A correct answer depends on whether
the conclusion is entailed, contradicted, or left
open by the premises. Useful coined terms are
therefore proof-status operators rather than con-
tent summaries. open-model gap marks under-
determination, must-follow path marks neces-
sity, and contradiction path, linkvoid, and
lacksupport mark conflict or missing support.
Their meaning depends on whether later reasoning
continues under the same rule: underdetermination
must not become plausibility, and contradiction
must preserve the polarity of the target conclusion.

Figure 4 illustrates why the FOLIO gains in Ta-
ble 1 are not reducible to compression. The Pi-
curis Mountains case requires agents to rule out
the Texas branch, infer that the mine is in a New
Mexico mountain range, and mark the conclusion
as FALSE. Raw answering and vanilla debate fail
because the proof polarity is not stabilized. CO-
GENT succeeds because AgentB coins novsure
for a premise-contradicting conclusion, AgentA
takes it up, and AgentB later reinforces the same
function with novcontra. The decisive move is
not the discovery of a new fact, but the creation of
a public proof-status operation that another agent
can reuse.

6.5 Werewolf: asymmetric common ground

Werewolf extends COGENT from answer-oriented
reasoning to social-epistemic coordination under
hidden information (Park et al., 2023; Dai et al.,
2026). In MMLU, terms preserve option contrasts;
in GSMS8K, calculational states; in FOLIO, proof
statuses. In Werewolf, the relevant criterion is in-
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over problem-term counts after human annotation, LLM-assisted verification, and manual adjudication.
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Figure 3: Macro-average soft lexical-function distribu-
tion over MMLU, FOLIO, and GSM8K.

teractional: a term must preserve provisional trust,
role-claim evidence, unresolved pressure sets, and
voting responsibility. A Werewolf term is meaning-
ful when later agents know when to apply it, when
to reject it, and what social move it licenses.
Figure 5 shows four forms of public uptake.
baseline day becomes a contested early-day
frame; its later rejection shows that agents under-
stand the term well enough to dispute its scope.
pressure pool functions as a shared reference
pact for unresolved suspects. core lock marks
a late-game trust-alignment rule, while claim
gravity names how a role claim can pull the table
toward accepting both the claim and the claimant’s
reads. These terms become sites of agreement, dis-
agreement, and repair rather than disposable labels.
Table 2 shows the productivity of this lexical
layer. The important signal is not vocabulary size
alone, but compact vocabulary plus repeated up-
take: 32 accepted terms support 417 observed

whether the lusion logically follows from the

(» Question: Determin

premises.

(@) Premises:

1. The Picuris Mountains are a mountain range in New Mexico or Texas.

2. Juan de Onate visited the Picuris Mountains.

3. The Harding Pegmatite Mine, located in the Picuris Mountains, was
donated.

4. There are no mountain ranges in Texas that have mines which have been
donated.

Conclusion:
The Harding Pegmatite Mine is not located in a mountain range in New
Mexico.

(@ Options: TRUE | / FALSE ] / UNCERTAIN

(% Raw Answer: ®

"The conclusion is entailed by the premises.”

“If the conclusion is false, then the Harding Pegmatite Mine is located in a
mountain range in New Mexico. This would contradict premise 3... Therefore, the
conclusion cannot be false.”

wH#HHH

(O Origin Debate: ®

"Since the Harding Pegmatite Mine is donated and located in the Picuris
Mountains, which are in New Mexico or Texas, it must be in New Mexico.”
“Therefore, the conclusion that the Harding Pegmatite Mine is not located in a
mountain range in New Mexico is forced by the premises.”

wHHHY

©COBENT: ®
(© AgentB coins:

novsure = a situation where the conclusion contradicts the existing premises
@) AgentA reuses:

“The conclusion is a novsure, indicating a contradiction with the premises.”
T

(O AgentB later stabilizes:
novcontra = a situation where the
(@) Final consensus:

H#HHH FALSE

tradicts the existing premi

Figure 4: FOLIO keynote case study. Raw answering
and vanilla debate predict TRUE, while COGENT pre-
dicts FALSE by stabilizing contradiction-status terms
such as novsure and novcontra.

reuses, and public terms are far more productive
than faction-private terms. If meaning were merely
a private association between an agent and a label,
wolf-private entries would be equally strong evi-
dence. Instead, public exposure sharply increases
lexical productivity, suggesting that terms placed
in the shared day-discussion arena become more
reusable than narrower faction-private coinages.

6.6 From coinage to public meaning

Across tasks, COGENT lexicons are audit trails of
attempted norm formation. Coin proposes a handle



(] Public Lexicon

. agent_2
baseline day e
An early day with limited confirmed
information, where players should

focus on structured reads, avoid role

fishing, and create accountability.

agent_6
(Witch)

Introduced by agent_2 agent_1
(Villager)
pressure pool

A temporary group of unresolved
players who should receive scrutiny
until later speeches create clearer
reads; not a locked vote target.

.: o
as
agent_4
(Seer)

Introduced by agent_4 agent_1

(Villager)
core lock
A late-stage condition in which agent_5
checked or strongly confirmed good (Vi)
players stay united and avoid being agent 6

split by wolf paranoia. (Witch)

Prominently used by agent_5 agent_1

(Villager)

‘ ‘Wolf Lexicon

claim gravity
The tendency for a role claim to pull
the table into accepting not only the
claimed information but also the
claimant’s personal reads.

Introduced by agent_5

agent_2
i i (Wolf)

agent 2
(Wolf)

KBGE k0PN 3R p VI

@D Term in play: baseline day

Introduced by agent_2 (Wolf); later challenged by agent_6 and agent_I

agent_2: “This is still basically a
baseline day after a blind night.”

agent_6 “This is not a fresh
baseline day.”

[ agent_1: “This is not a fresh
baseline day.”

@ Term in play: pressure pool
Introduced by agent_4 (Seer); later reused by agent_1
agent_4: “My current pressure pool is
agent_2, agent_3, agent_5, and agent_6."”

agent_1: “agent_2 ... stayed out of
the main pressure pool.”
@) Term in play: core lock
Used by agent_5; later echoed by agent_6 and agent_1
agent_5: “Do not let claim gravity turn into
an automatic core lock.”
agent_6: “agent_5’s last words were clearly aimed
at breaking the core lock between agent_1 and me.”

agent_1: “agent_5 ... tried to break the core lock
between me and agent_6."
@ Term in play: claim gravity
Introduced by agent_5; later reused by agent_2
agent_2: “The danger here is exactly what

agent_5 called claim gravity.”

agent_2: “I'm asking you not to let claim gravity
decide the final vote by itself.”

* Original framing from agent_5.

Figure 5: Rule-governed uptake of emergent terms in Werewolf. The keynote traces a contested early-day frame
(baseline day), a public reference pact for unresolved suspects (pressure pool), a trust-alignment rule (core
lock), and a role-claim influence warning (claim gravity).

for local structure and tests it through same-turn,
use-bound definition. Share places the accepted
entry into a shared or visibility-restricted commons.
Use tests whether another agent can reuse, refine,
contest, or redeploy it under the local criterion of
correct use. In grounding-theoretic terms, com-
munication is not complete when a message is
produced; it requires mutual evidence relative to
the participants’ joint purpose (Clark and Brennan,
1991). COGENT makes this process observable
in multi-agent reasoning.

This lifecycle clarifies why metrics must be inter-
preted together. Lower post-warm-up token count
suggests shorter later interaction, but not grounding
by itself. Higher accuracy suggests useful struc-
ture preservation, but not the linguistic mechanism.
High reuse indicates uptake, but only grounded use
preserves the relevant task rule. A term introduced
once and never reused is a label without uptake; a
term reused incompatibly is surface alignment with-
out semantic alignment; a term reused, challenged,
repaired, and stabilized around a task-relevant rule
becomes a public reasoning resource. This is the
MAS design question posed by COGENT: agents
may improve not only how much they exchange,
but what their conversation is made of.

7 Conclusion

We introduced COGENT, a coin—share—use com-
munication layer for LLM-based multi-agent sys-
tems. Agents coin task-local terms, bind them to
definitions, use them immediately, share accepted
entries through a shared term board, and test them
in later interaction. The core claim is both linguis-
tic and computational: a term becomes useful not
through private invention alone, but through public
uptake under shared task criteria.

Across MMLU, FOLIO, and GSMS8K pilot
slices, COGENT improves over vanilla debate
on most model-task pairs and reduces post-warm-
up debate tokens across all evaluated pairs, while
showing that arithmetic tasks require coined terms
to preserve exact verification steps. The Werewolf
analysis extends the claim to hidden-information
social reasoning: public terms form a compact,
reusable, cross-speaker layer of convention under
asymmetric common ground (Clark and Marshall,
1981). These findings suggest that LLM-MAS de-
sign is not only a matter of adding agents, rounds,
or context. It also depends on whether agents can
redesign the unit of interaction itself, turning re-
peated inferential structures into shared task-local
words that others can use, contest, and stabilize.



Limitations

This work has several limitations. First, the main
benchmark results use cost-controlled slices of
MMLU, FOLIO, and GSMS8K rather than full
suites; small gains, especially on MMLU, should
be treated as descriptive until paired significance
tests, invalid-answer rates, and confidence intervals
are reported. Second, COGENT changes multiple
factors at once: coining passes, definition-and-use
constraints, sharing, and lexicon-conditioned in-
teraction. Stronger causal evidence requires call-
matched debate, private-only coinage, public lex-
icon without forced reuse, and log-only coinage
ablations. Third, our token column measures
post-warm-up downstream debate output, not to-
tal API cost. COGENT may shorten later inter-
action while adding coining calls, prompt tokens,
lexicon-injection overhead, latency, and monetary
cost. Fourth, the Werewolf study is exploratory:
game length and survival are path-dependent, and
convention-formation comparisons require post-
hoc pseudo-lexicons for the no-COGENT condi-
tion. Finally, lexical-function categories, novelty
filters, and blocklists depend on design choices and
should be validated with multi-annotator studies
across more tasks, languages, and model families.
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A Implementation Details

The main text treats COGENT as a coin—share—
use communication layer around sequential debate.
Table 3 expands the prompt abstractions used by
the controller, and Algorithm 2 gives the vanilla
sequential debate baseline. The baseline uses the
same independent Round 0 and sequential debate
order as COGENT, but it does not expose a lexicon
channel.

Algorithm 2 Vanilla Sequential Debate(q; R)

Input: instance g, meta-rounds R
Qutput: final answer a
1: initialize histories; m? < LLMSTEP(%, Pinit(q)) fori €
{4, B}
2: forr =1to Rdo
m7 < LLMSTEP(A, Porig(q,m’;‘_l7 m%_l))
4 mp + LLMSTEP(B, Porig(q,my5 ', m}))
5: end for
6: & + FINALIZE(mK, mf)

W

B Metric Definitions

Final prediction is obtained from the latest two de-
bate outputs, not from all answer markers in the
transcript. For GSM8K, multiple-choice tasks, and
FOLIO, the controller extracts one prediction from
AgentA’s latest debate response and one predic-
tion from AgentB’s latest debate response. If both
predictions are valid and equal under the dataset-
specific equality predicate, the shared answer is re-
turned. Otherwise, the controller applies the dataset
adapter’s majority-vote rule over valid latest pre-
dictions only.

Let tok(-) denote the tokenizer used by the met-
ric script. For a single-agent raw answer, if ¢, is
the final output for instance n, the average token
count is

1
ATCI"aW = m Z tok(y;laW)

TLEMaw

For vanilla debate, let ygn be agent ¢’s first real
output before the first meta-round, and let yfn be
agent ¢’s last real output in the final debate state.
The baseline and final counts are

Byt =) tok(y},),
1€{A,B}

Ey = Z tok(yfn).
i€{A,B}

and CR)*" = F*" /By when logged. For CO-
GENT, let y;") be the last real output of agent

before the debate marker inside the final coining-
active meta-round. Then

By = Z tok(ygn),
i€{A,B}
WEE= 3 tok(i)
1€{A,B}
and CRS*® = W,;”/By>®. The token column

for COGENT is computed from the final no-
compression meta-round after warm-up.

C Lexical-Function Annotation Protocol

For the soft lexical-function analysis in Figures 2
and 3, we use human annotation followed by
LLM-assisted verification. We first constructed
a six-category codebook from manual inspection
of benchmark lexicons: discriminative cue, do-
main concept, quantity/unit variable, operation
checkpoint, proof-status logic, and gap/uncertainty
marker. A human annotator then assigned soft func-
tional labels to coined problem terms, allowing
a term to receive fractional weight across multi-
ple categories when its use overlapped functions.
An LLM verifier was subsequently given the term,
definition, local task context, and assigned cate-
gory weights and asked to flag inconsistent or un-
supported labels. Flagged cases were manually
adjudicated; the LLM verification step was used
as a consistency check rather than as the final la-
beling authority. Percentages are normalized over
problem-term counts within each task and model.

D Lexical Ecology Details

Table 4 reports the detailed task-by-task lexical
ecology summarized in Section 6.2. It preserves
the full lexicon scales, criteria of correct use, and
illustrative terms for each benchmark and for the
exploratory Werewolf setting.

E Additional Werewolf
Lexical-Grounding Metrics

Table 2 in the main text reports the compact Were-
wolf signals. Tables 5, 6, and 7 retain the auxiliary
function, comparison, footprint, productivity, and
persistence diagnostics.

F Generative AI Statement

Generative Al tools were used in this work only to
support non-substantive writing and presentation



Symbol Function

Pinit Dataset-specific Round-0 solving prompt. In the default setting it does not include the lexicon field, so the

initial answer is treated as ordinary independent reasoning rather than as a coining turn.

Piuage Private coining header containing the previous response statistics, the agent id, visible terms, cumulative

lexical counts, and the previous-turn word count.

Phame Private coining prompt. It asks for [PART 1] compact reasoning and [PART 2] new named terms, forbids

[PART 3] and final-answer markers, and requires every term defined in [PART 2] to be used in [PART 11].
Plebate Public use prompt conditioned on the opponent answer and the detailed KNOWN_TERMS block. If public
terms exist, the prompt requires at least one of them to be considered or reused. AgentA sees the opponent’s
pre-debate answer, while AgentB sees AgentA’s fresh answer from the current debate round.
Table 3: Full prompt abstractions in COGENT.

Task Lexicon scale and dominant Criterion of correct use [lustrative terms
function

MMLU 3411 entries; 2759 unique terms; The term must preserve the distinction — expansiovision; treaty-fulfill mandate;
classificatory pacts for that makes one answer preferable to its  focus-exclude rule; cue-power fading
option-level contrasts. strongest distractors.

GSM8K 3128 entries; 1895 unique terms; The term must preserve units, variable ~ commissionalize; speedtime; unitcost;
task-local notation for bindings, operation structure, and pumpcost; josh cookies
quantities, roles, and operations. checkable intermediate steps.

FOLIO 644 entries; 461 unique terms;  The term must preserve whether the open-model gap; must-follow path;
proof-status operators for conclusion is forced, contradicted, or contradiction path; linkvoid;
rule-governed inference. left open by the premises. lacksupport

Werewolf 32 accepted entries; 417 reuses; The term must preserve trust, suspicion, baseline day; pressure pool; core lock;

social-epistemic grounding
under hidden information.

role-claim evidence, voting
accountability, and visibility boundaries.

claim gravity

Table 4: Lexical ecology across the answer-oriented benchmarks and the exploratory Werewolf language game. The
relevant unit is not merely the number of coined strings, but the task-specific criterion under which a term can be

used correctly.

tasks, including formatting, generating LaTeX tem-
plates, checking grammar, improving clarity, and
refining word choice. These tools were not used
to replace the authors’ scientific judgment, con-
duct independent analysis, or determine the study’s
claims. The authors carefully reviewed, edited, and
verified all Al-assisted content to ensure factual ac-
curacy, consistency with the reported experiments,
and academic integrity.
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Function Count Criterion of correct use

Hidden-information 9 Preserve visibility boundaries

management around night actions,
protection, potions, and
hidden roles.

Role-claim evidence 7 Track claims, counterclaims,
checks, and the evidential
force of role speech acts.

Deception strategy 6 Mark wolf cover, blending,

safe echoing, or misdirection
rather than ordinary
disagreement.

Organize day discussion,
pressure allocation, and
unresolved scrutiny.

Connect public reasoning to
banishment choices and vote
accountability.

Stabilize soft-clears, core
trust, and late-game coalition
maintenance.

Capture residual
social-inference patterns not
covered above.

Process structure

Voting action

Trust alignment

Other social 1
reasoning

Table 5: Functional ecology of accepted Werewolf
terms.



Comparison axis

ORIGIN/no-
COGENT

COGENT Interpretation

Process-structure density

Accountability-revision
density

Common-prefix public-log
tokens

Common-prefix all-player
personal-log tokens
Full-game total tokens

Explicit definition-bound
terms

Observed known-term reuses

Cross-speaker known-term
uptake

7.07 / 1k tokens
5.33 / 1k tokens
37,593

231,330
763,217

Post-hoc only

9.42 / 1k tokens COGENT more often names and reuses structures
for organizing discussion.
COGENT more often revises responsibility after

votes or claims.

6.24 / 1k tokens

35,628 Matched-checkpoint public context decreases by
5.23%.

219,873 Matched-checkpoint personal context decreases by
4.95%.

1,288,361 Not an efficiency win; game length and additive

lexicon injection increase total cost.
COGENT makes convention formation auditable
rather than implicit.

32 accepted entries

Not applicable by 417 The explicit lexicon channel makes uptake
design measurable.

Requires 15/32terms used  Evidence of public uptake, with a fair direct
pseudo-lexicon by > 2 public baseline left to post-hoc convention extraction.
baseline speakers

Table 6: Werewolf comparison with ORIGIN/no-COGENT.

Metric Value Interpretation

Accepted Werewolf terms 32 A small task-local lexicon is formed across five hidden-role games.

Observed term reuses 417 Accepted terms are taken up repeatedly in later interaction rather than
remaining one-off labels.

Lexical uptake rate 13.03 Each accepted term is reused 13.03 times on average.

Final lexicon snapshot 771 The stored vocabulary remains compact.

tokens

Lexicon footprint ratio 0.031 Final lexicon snapshots occupy about 3.1% of the final COGENT public-log
footprint.

Reuse per 100 lexicon 54.09 The lexical layer is productive relative to its token footprint.

tokens

Public terms / reuse 127290 Public entries are fewer than wolf-private entries but generate most observed
reuse.

Wolf-private terms / reuse 20/ 127 Faction-private terms are more numerous but less productive per entry.

Public reuse share 69.5% Public terms contribute most observed reuse despite being 37.5% of entries.

Public uptake advantage  3.81x Reuse per public entry is about 3.8 times reuse per wolf-private entry.

Terms used in public 22/32 Most accepted terms appear in public discussion.

speech

Terms used by > 2 public 15/32 Nearly half of accepted terms show cross-speaker public uptake.

speakers

Avg. unique public 2.375 Term use is not confined to a single speaker.

speakers per term

Public checkpoint 0.472 A substantial fraction of public terms persists across later checkpoints.

persistence

Table 7: Full exploratory Werewolf lexical-grounding metrics.
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