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Abstract

Recent advancements in large language models (LLMs) have
extended their capabilities from basic text processing to com-
plex reasoning tasks, including legal interpretation, argu-
mentation, and strategic interaction. However, empirical un-
derstanding of LLM behavior in open-ended, multi-agent
settings especially those involving deliberation over legal
and ethical dilemmas remains limited. We introduce Nomi-
cLaw, a structured multi-agent simulation where LLMs en-
gage in collaborative law-making, responding to complex le-
gal vignettes by proposing rules, justifying them, and vot-
ing on peer proposals. We quantitatively measure trust and
reciprocity via voting patterns and qualitatively assess how
agents use strategic language to justify proposals and in-
fluence outcomes. Experiments involving homogeneous and
heterogeneous LLM groups demonstrate how agents sponta-
neously form alliances, betray trust, and adapt their rhetoric to
shape collective decisions. Our results highlight the latent so-
cial reasoning and persuasive capabilities of ten open-source
LLMs and provide insights into the design of future Al sys-
tems capable of autonomous negotiation, coordination and
drafting legislation in legal settings.

Supplementary Materials (Code, Data & Appendix) —
https://github.com/asutosh7hota/NomicLaw

Introduction

Large language models (LLMs) now produce text that mim-
ics human reasoning and deliberation, raising questions
about their potential and risks in legal and legislative pro-
cesses. While some studies suggest LLMs show emergent
behaviors in negotiation and strategy (Brown et al. 2022; Pi-
atti, Teso, and Passerini 2024), robust empirical evidence of
their performance and limitations in complex, open-ended
legal settings remains sparse (Castagna et al. 2024). As Al
systems become more visible in legislative support roles, it
is crucial to rigorously assess both their capabilities and their
fundamental shortcomings, particularly the risk of over-
attributing genuine reasoning or judgment to statistical pat-
tern matching (West et al. 2023).

To address this gap, we introduce NomicLaw, an open-
source multi-LLM framework for collaborative lawmaking
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(Figure 1). Drawing on ten state-of-the-art models, Nomi-
cLaw embeds agents in a simplified propose—justify—vote
loop over legally grounded vignettes, allowing them to draft
rules, argue their merits and vote under a uniform point-
based incentive. This iterative sandbox yields emergent be-
haviors such as trust, reciprocity, and strategic persuasion
and provides a framework for studying how model diversity
shapes alliance formation, influence dynamics, and rhetori-
cal efficacy in Al-mediated lawmaking.

We test NomicLaw in two modes. In homogeneous ses-
sions, five copies of the same model negotiate among them-
selves, revealing each models’ baseline tendencies leading
to tighter alliances, frequent self-support and limited debate.
In heterogeneous sessions, 10 distinct LLM agents interact,
producing statistically significant shifts in behavior: models
self-promote far less and form alliances that are roughly a
quarter more variable, signaling richer, less insular delibera-
tion. We also uncover clear performance gaps, for example,
DeepSeek-R1’s proposals prevail most often, followed by
Llama?2, while others rarely succeed illustrating how agent
diversity both broadens the scope of debate and exposes in-
dividual model strengths and weaknesses in collaborative
rule-making. By open-sourcing NomicLaw, we provide a
flexible platform for systematic exploration of multi-agent
legislative tasks and for extending to human-in-the-loop leg-
islative simulations, paving the way to understand hybrid hu-
man—Al collaboration in law making. Our contributions are:

1. A novel lawmaking sandbox. An extendable pro-
pose—justify—vote protocol that elicits emergent al-
liances, trust dynamics, and strategic persuasion without
fine-tuning or role prescriptions.

2. A rich analytical framework. Quantitative interaction
metrics (e.g. self-vote rate, coalition switch rate, reci-
procity index etc.) paired with a hybrid LLM-human the-
matic analysis grounded in jurisprudence theory.

3. A reproducible toolkit: Public release of code, prompt
templates, simulation logs, and analysis scripts to catal-
yse further research on Al-mediated governance, debate
moderation, and policy co-drafting.

Insights into emergent behaviors. Empirical character-
ization of strategic archetypes including win-rate correla-
tions and clustering analyses, revealing which LLMs are
most persuasive or opportunistic.
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Figure 1: NomicLaw framework: This figure illustrates the core interaction loop in our Nomic-inspired legal simulation. Each
game begins with a complex vignette that poses a legal dilemma. Agents respond by proposing new laws to address the vignette,
providing arguments to justify their proposals, voting on peer proposals, including their own and legislating with iterations.
Over multiple rounds, agents accumulate scores based on whether their proposals are accepted, leading to strategic behavior.
We observe emergent social dynamics such as persuasion, trust, reciprocity, and alliance formation across both homogeneous
(same-model) and heterogeneous (multi-model) agent groups.

Background

Automated legal reasoning tasks have seen significant ad-
vances with the advent of LLMs. Early studies explored
whether these models could replicate human-like legal infer-
ence in statutory contexts for example, GPT-4’s performance
on syllogistic tasks (Spai¢ and Jovanovi¢ 2024) and the
ability to generalize inference across legal domains (Mar-
cos 2024). Retrieval-augmented pipelines have been devel-
oped to better handle U.S. statutes and case law (Shu et al.
2024; Yue et al. 2024), and large-scale benchmarks now
highlight both the strengths and persistent consistency gaps
of LLMs in legal reasoning (Guha et al. 2023; Jiang and
Yang 2023). While prompt engineering can elicit displays
of reasoning, persuasion, and negotiation from these mod-
els (Bassi, Fomsgaard, and Pereira-Farifia 2024; Kwon et al.
2024), there are fundamental limitations: LLMs often re-
produce patterns from their training data rather than engage
in genuine, context-sensitive legal analysis. Unlike human
judges, who synthesize facts with legal principles and may
strategically frame arguments, LLMs’ apparent legal rea-
soning frequently reflects statistical mimicry of past judicial
data rather than true application of rules to novel legal cases
(Doyle and Tucker 2025). This limits their reliability and in-
terpretability in complex or unseen legal scenarios.

Scaling up LLM size does not consistently yield pro-
portional improvements in legal reasoning. Evidence sug-
gests diminishing returns on domain-specific benchmarks
as model parameters increase (Diaz and Madaio 2024), and
LLMs often mishandle advanced jurisprudential concepts,
such as constitutional tests, without explicit prompts or guid-
ance (Bignotti and Camassa 2024). The opacity of LLM out-
puts further threatens due process in legal contexts. To ad-
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dress this, jurisprudential criteria for transparency have been
proposed (Fresz et al. 2024), and recent hybrid models in-
corporate structured justification modules to improve inter-
pretability (Ujwal et al. 2024; Zhou 2024). While prompt
engineering and stepwise prompting can enhance the ap-
pearance of legal reasoning, especially with domain-specific
guides (Doyle and Tucker 2025), most multi-agent LLM
simulations to date depend on prescribed roles or fine-
tuning, limiting the spontaneous emergence of social behav-
iors and argumentation (Schneider 2025).

Parallel multi-agent Al research has examined negoti-
ation, coalition building, and strategic interaction in do-
mains such as resource allocation and trading (Piatti, Teso,
and Passerini 2024). While social dynamics like trust, reci-
procity, and alliance formation are well studied in psychol-
ogy (Guo et al. 2025), they are still largely unexplored in
autonomous, LLM-driven legal settings. Computational ar-
gumentation has mostly addressed structured or static sce-
narios (Castagna et al. 2024), often missing the fluid back-
and-forth of claims and counterclaims that real legal collab-
oration requires. Although efforts to equip LLMs for struc-
tured argumentation such as retrieval-augmented synthesis
(Gray, Zhang, and Ashley 2025), hybrid symbolic-neural
frameworks (Wang et al. 2024), and moral heuristic embed-
ding (Almeida et al. 2024)—have advanced the field, these
methods typically confine LLMs to fixed roles or isolated
exchanges, failing to capture truly emergent or interactive
behaviors.

Despite extensive research on reasoning, explainability,
and argumentation, there is a notable lack of work investi-
gating open-ended, multi-agent law-making by autonomous
LLMs. To fill this gap, we present NomicLaw, inspired by
the self-amending game Nomic (Suber 1982). Unlike prior



studies that constrain agents to static tasks or pre-defined
roles, NomicLaw provides a sandbox for LLM agents to col-
laboratively draft, negotiate, and iteratively revise legal rules
in unconstrained, multi-agent legal deliberation.

Methodology
NomicLaw Framework

We developed NomicLaw, a flexible, multi-agent simula-
tion framework in which LLM agents engage in a struc-
tured turn-based lawmaking game. Each game continues for
five rounds per vignette. In each round, every agent inde-
pendently proposes a new legal rule addressing the current
vignette, justifies that proposal, and votes for exactly one
proposal (self-voting is permitted) and briefly explains the
rationale for the vote. Agents have no preset ideologies or
private utilities beyond a simple point incentive: 10 points
are awarded for a winning proposal and 5 points each for
an undecided or tied vote. This mechanism guides agents
to maximize acceptance of their own rules. All agents share
full visibility of prior proposals, votes, justifications, and cu-
mulative scores.

Vignettes and Legal Domains

We focus on four vignettes, each reflecting a distinct regula-
tory dilemma in Al governance. While these scenarios high-
light important tensions in lawmaking, our approach does
not capture the full procedural or political complexity of
real-world legislative, regulatory, or judicial processes. In-
stead, the vignettes serve as testbeds for exploring how LLM
agents deliberate over legal norms in a simplified, abstracted
setting. These ensure both thematic breadth and direct rele-
vance to ongoing regulatory debates. Table 1 (see Appendix)
summarizes the scenarios and the legal domains they target.

Simulation Methodology

We conducted experiments under two configurations: ho-
mogeneous and heterogeneous. In both, agents iteratively
participated in five propose-and-vote rounds, leveraging a
conversation buffer memory to retain full dialogue context.
Each run was prompted by one of four legally charged vi-
gnettes. In the homogeneous setting, we instantiated groups
of five agents all using the same LLM for each of ten open-
source models. Each model underwent one run per vignette,
yielding 1000 observations in total. In the heterogeneous
setting, a single population of ten agents each powered by
a distinct LLM was evaluated across six runs per vignette
(24 runs total), producing 1200 agent-round observations.
Agents scored ten points for a winning proposal and five
points for ties or unanimous self-votes; all outcomes were
logged as JSON entries detailing proposals, votes, winners,
and scores. Agent memories were reset at the start of each
run to prevent cross-run information leakage. After simula-
tion, we exported logs by parsing filenames for each run,
with the corresponding vignette id, round number, agent id,
model, and voting patterns. The resulting CSV contained
balanced entries (equal rounds per agent), which we verified
programmatically before statistical analysis.

1280

Agent Configurations

We compare two configurations to isolate the im-
pact of model heterogeneity on emergent behavior.
In the homogeneous condition, all agents in a sin-
gle game instance run the same underlying model;
in the heterogeneous condition, each agent is backed
by a different model. We draw from a shared pool
of ten open-source LLMs (phi4, phid-reasoning,
phid4d-mini-reasoning, gemma3, gemma2, 1lama3,
llama2, gwen3, granite3.3, and deepseek-rl)
were orchestrated through the Ollama API with identi-
cal settings (eg. temperature, standardized system prompt,
retry logic). By holding invocation parameters constant, we
attribute differences in strategic adaptability and persua-
sive success solely to variations in model architecture, pre-
training regimen, and alignment tuning.

Exploratory Quantitative Metrics

We extract the following metrics from our simulations: self-
voting rate (SVR), average votes received (AVR), win rate
(WR), vote volatility (VV), vote persistence (VP), reci-
procity index (RI), coalition switch rate (CSR), bloc stability
(BS), and edge density (ED). These metrics describe indi-
vidual bias, group cohesion, decision volatility, and network
connectedness. Formal definitions and empirical results for
each metric appear in the Results section. Together, these ex-
ploratory metrics provide a quantitative foundation for com-
paring interaction patterns across homogeneous and hetero-
geneous model configurations.

Qualitative Metrics

We complement quantitative measures by computing agent
influence and peer-alignment (how proposals and votes sway
subsequent positions), followed by a hybrid LLM-human
thematic analysis: labelling 2,200 proposals and justifi-
cations with jurisprudential themes via two LLMs (10%
human-validated, x > 0.7), and assessing proposal-vote
thematic consistency. This mixed approach reveals both the
interaction dynamics and the normative frames driving con-
sensus.

Reproducibility and Extensibility

All code, prompt templates, and anonymized log data are
publicly released to ensure full reproducibility. NomicLaw’s
architecture allows researchers to seamlessly integrate new
vignettes, adjust group sizes or round counts, introduce hu-
man participants or varied incentive structures, and plug
in custom evaluation modules (e.g. expert ratings, fact-
checking APIs). This modular design positions NomicLaw
as a general framework for investigating multi-agent delib-
eration, emergent norm formation, and strategic argumenta-
tion in both legal and non-legal rule-making contexts.

Results

Exploratory Interaction Analysis

We analyze how LLM agents propose, justify, and vote on
rules revealing self-support, reciprocity, coalition dynamics,



and rhetorical patterns (Figure 2) in both homogeneous and
heterogeneous simulations. Only the heterogeneous condi-
tion, with each model run independently across vignettes,
provides the between-agent variation and replication needed
for hypothesis testing; homogeneous sessions simply du-
plicate the same model across agents and thus preclude
formal inference. Accordingly, we report descriptive sum-
maries (means, variances, trajectories) for both setups but
reserve statistical tests (chi-square, adjusted two-proportion
z-tests, logistic regression, and GEE models) for the hetero-
geneous condition.

Self-Support vs. Peer Engagement We quantify an
agent’s tendency to back its own proposal using the Self-Vote
Rate (SVR), defined as

#{rounds where agent 7 votes for itself}

SVR; =

total rounds 7T’

where 7' is the total number of rounds. Higher SVR values
indicate predominantly self-centered play, whereas lower
values signal a greater propensity to coalition-building.

In heterogeneous cohorts, SVRs remain low, ranging from
0.03 + 0.07 (Gemma3) to 0.44 4+ 0.00 (Llama3), with
most models falling between 0.15 and 0.33 demonstrating
widespread peer engagement. By contrast, homogeneous
pairings substantially elevate self-voting: Llama2 reaches
0.87£0.30, Qwen3 0.74 £ 0.12, and Gemma?2 0.55 =+ 0.46,
accompanied by larger standard deviations that reflect more
heterogeneous self-support strategies within uniform rea-
soning groups. These findings confirm that model diversity
suppresses self-support, while homogeneity amplifies it.

Win Rate and Persuasive Success Each agent’s overall
effectiveness is measured by its Win Rate (WR), given by

#{rounds where agent i wins}
total rounds T’

WR,; =

In heterogeneous cohorts, DeepSeek-R1 leads with a win
rate of 0.17+0.25, followed by Llama2 at 0.134-0.18, while
Gemma3 and Llama3 both hover near zero (0.01 £ 0.04).
Under homogeneous pairings, however, weaker agents gain
traction, for example, Gemma3 rises to 0.19 + 0.29 and
Gemma?2 t00.17 £ 0.25 even as top performers see modest
declines (DeepSeek-R1: 0.15 £ 0.22; Llama2: 0.06 £ 0.09).
The larger SDs in homogeneous settings reflect greater vari-
ability when all agents share the same reasoning backbone.
Overall, these patterns indicate that mixing models ampli-
fies the edge of strong arguers, whereas homogeneity levels
the playing field by boosting weaker models at the cost of
consistent outcomes.

Reciprocity and Coalition Fluidity We capture tit-for-tat
behavior with the Reciprocity Index (RI), i.e. the fraction of
opportunities in which an agent returns a vote to someone
who supported it in the previous round:

_ #{returned-vote instances}

RI; = . —.
#{prior-vote opportunities }
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To gauge coalition dynamics, we define Coalition Switch
Rate (CSR) as the fraction of consecutive rounds in which
an agent changes membership in the winning bloc:
#{bloc switches}

T-1 ’
and Bloc Stability (BS) as the fraction of remaining rounds
an agent remains aligned once it first joins:

CSR; =

#{rounds stayed in bloc from ¢, to 7'}
o T—ty+1 ’

In heterogeneous cohorts, agents exhibit moderate reci-
procity (RI=0.16 & 0.06), switch blocs roughly 39% of the
time (CSR = 0.39 + 0.25), and maintain bloc membership
across about 55% of remaining rounds (BS = 0.55 & 0.32).
Under homogeneous pairings, RI jumps to 0.45+0.14, while
CSR falls slightly to 0.36 +0.27 and BS dips to 0.53 £ 0.33.
These patterns suggest that diversity dampens retaliatory
voting yet fosters dynamic coalition-switching and robust
bloc cohesion, whereas uniform reasoning amplifies tit-for-
tat reciprocity at the expense of both coalition fluidity and
long-term stability.

BS;

Vote Volatility and Persistence We quantify decision-
making dynamics using Vore Volatility (VV) and its com-
plement Vote Persistence (VP):

#{vote changes by agent i}

T-1 ’
In heterogeneous cohorts, agents revise their vote in 0.72 £
0.24 of consecutive rounds (VP = 0.28 £ 0.24), whereas
homogeneous pairings exhibit lower volatility, with VV =
0.43 £ 0.28 (VP = 0.57 & 0.28). Averaged across all set-
tings, agents switch votes in 0.58 £ 0.26 of rounds (VP
= 0.42 £ 0.26). The higher VV under heterogeneity reflects
frequent opinion shifts in diverse groups, while the reduced
volatility in homogeneous duos indicates that once a consen-
sus emerges, agents tend to stick with it.

VV; = VP, =1-VV,.

Network Connectivity Each round’s voting behavior in-
duces a directed graph whose structure we summarize via
two metrics: the average Edge Density (ED), i.e., the fraction
of all possible vote-links realized, and the mean Clustering
Coefficient (CC), capturing each node’s propensity to form
directed triangles. Table 2 (see Appendix) reports ED (we
omit CC due to its negligible variance). In heterogeneous
cohorts, edge density is low (ED = 0.11 &£ 0.00), indicat-
ing sparse cross-voting; in homogeneous cohorts, ED more
than doubles to 0.25 £ 0.00, reflecting denser intra-group
endorsements. Although clustering remains uniformly low
(CC = 0.02 in heterogeneous, CC' ~ 0.01 in homoge-
neous), its minimal variation led us to focus the main table
on metrics with substantive differences.

First-Mover Advantage We quantify the impact of ini-
tial proposals via the First-Mover Win Rate (FMW), defined
as the fraction of runs in which the round-one proposer’s
rule ultimately prevails. Although Table 2 (see Appendix)
focuses on in-round dynamics and omits FMW, we ob-
serve that, in heterogeneous cohorts, FMW remains low (e.g.



. Avg Votes Received . Clustering Coefficient

Metric
[ Bloc Stability

Edge Density Self Vote Rate . Vote Volatility

. Coalition Switch Rate . Reciprocity Index . Vote Persistence . Win Rate

; |
%;hmmimm.mmimmhuuhmmhmmhumhmmhﬁug
; ij--li'{. Hj-ili'; liiji Lj.iiii:, ‘ij-i'd.{. “j....lii. iL‘-ilﬁi.L ‘ij-a{ﬁiq. Lj-a.“i{. ii,i-n|l+ E
Qge,é“:\ &@@& &@@gj @4\@";'5 \\@6‘& @":’b & ﬁoe@" ﬁ&ﬁé“” &@""
& ® R ’@-\{\\" (}(-\\u"‘
Model :

Figure 2: Quantitative interaction metrics (mean £ SD) for each LLM model under homogeneous (top row) and heterogeneous

(bottom row) settings.

Model Wins Win Rate
DeepSeek-R1 21 0.175
Llama?2 16 0.133
Phi4-Reasoning 13 0.108
Granite3.3 12 0.100
Phi4-Mini-Reasoning 12 0.100
Phi4 8 0.067
Gemma?2 4 0.033
Qwen3 2 0.017
Gemma3 1 0.008
Llama3 1 0.008
Undecided 30 0.250

Table 1: Win counts and rates per model in heterogeneous
cohorts (7" = 120 rounds), including undecided outcomes.

0.12 £ 0.05), indicating that early moves seldom guarantee
victory amid diverse strategies. By contrast, homogeneous
pairings amplify this effect: FMW rises to 0.25 4 0.08, sug-
gesting that when all agents share the same reasoning back-
bone, first-mover arguments carry greater weight. These pat-
terns imply that model diversity attenuates, while homo-
geneity exacerbates, the first-mover advantage.

Statistical Analysis in Heterogeneous Settings

Win-Rate Hierarchy Table 1 summarizes win counts and
rates for each model in the heterogeneous condition (1" =
120 rounds). In the heterogeneous condition, each of the ten
models contributed to 7" = 120 voting rounds, of which
90 produced a clear winner. The observed win counts and
rates reveal a pronounced hierarchy: DeepSeek-R1 (21 wins;
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0.175) and Llama2 (16; 0.133) lead the cohort, followed
by Phi4-Reasoning (13; 0.108), Granite3.3 and Phi4-Mini-
Reasoning (12 each; 0.100). Mid-tier performance is seen in
Phi4 (8; 0.067) and Gemma?2 (4; 0.033), while Qwen3 (2;
0.017), Gemma3 (1; 0.008), and Llama3 (1; 0.008) occupy
the lower end. This stratification underscores substantial dif-
ferences in persuasive effectiveness when models deliberate
together.

Goodness-of-Fit and Pairwise Win-Rate Comparisons
To evaluate whether wins were uniformly distributed, we
performed a chi-square goodness-of-fit test on the win
counts, which yielded x?(9) = 48, p = 3 x 1077, strongly
rejecting the null hypothesis of equal win probabilities. We
then carried out pairwise two-proportion z-tests on win
rates, adjusting p-values via the Benjamini-Hochberg proce-
dure to control the false discovery rate. Notably, DeepSeek-
R1 significantly outperforms Gemma2 (p.q; = 0.0025),
Gemma3 (< 0.001), Llama3 (< 0.001), Phi4 (0.025), and
Owen3 (< 0.001). Mid-tier model Granite3.3 also exceeds
Llama3 (paq; = 0.0059) and Qwen3 (0.0156), while Llama2
outperforms Gemma2 (0.0152) and Qwen3 (0.0039). Both
Phi4-Mini-Reasoning and Phi4-Reasoning significantly out-
pace Qwen3 (0.0156, 0.0108). These pairwise contrasts con-
firm that top performers sustain significantly higher win
rates than lower-tier counterparts.

Logistic Regression Analysis To quantify model-level
differences in win probability, we fitted a logistic regres-
sion (logit link) predicting whether a given proposal would
win in a heterogeneous cohort, using DeepSeek-RI as the
reference category (Table 2). Gemma2, Gemma3, Llama3,



Model Estimate (SE) z OR [95% CI] p
DeepSeek-R1 (ref) - - 1.00 [—] -
Gemma?2 —1.82 (0.56) —3.23 0.16 [0.05, 0.49] 0.0012 **
Gemma3 —3.23(1.03) —3.13  0.04[0.01,0.30]  0.0018 **
Granite3.3 —0.65(0.39) —1.67  0.52[0.25,1.12] 0.095-
Llama2 —0.32 (0.36) —0.89 0.73 [0.36, 1.47] 0.373
Llama3 —3.23(1.03) —3.13  0.04[0.01,0.30]  0.0018 **
Phi4 —1.09 (0.44) —2.49 0.34[0.14, 0.79] 0.0129 *
Phi4-Mini-Reasoning ~ —0.65(0.39) —1.67  0.52[0.25, 1.12] 0.095-
Phi4-Reasoning —0.56 (0.38) —1.47 0.57[0.27, 1.21] 0.1419
Qwen3 —2.53(0.75) —3.36 0.08 [0.02, 0.35] 0.0008 *#*
OR = odds ratio; CI = confidence interval; Signif. codes: ***
p < 0.001, ** p < 0.01, * p < 0.05, - p < 0.10.

Table 2: GLM Predicting Win Probability in Heterogeneous
Settings

Model Heterogeneous Homogeneous
PM (%) WM (%) PM (%) WM (%)
phi4-reasoning 542 433 48.0 26.0
llama3 52.5 11.7 76.0 27.0
granite3.3 29.2 15.0 30.0 20.0
llama2 27.5 19.2 13.0 1.0
phi4-mini-reasoning 27.5 142 1.0 0.0
phi4 24.2 10.0 14.0 8.0
deepseek-rl 19.2 9.2 29.0 16.0
gemma2 19.2 9.2 6.0 6.0
gemma3 10.8 5.8 1.0 1.0
qwen3 10.8 1.7 16.0 4.0

Table 3: Influence Alignment Metrics by Model in Hetero-
geneous and Homogeneous Setups, Peer Mention (PM) and
Winner Mention (WM)

Phi4, and Qwen3 show significantly lower odds of win-
ning (ORs between 0.04 and 0.34; all p < 0.05), whereas
Granite3.3 and Phi4-Mini-Reasoning exhibit marginally re-
duced odds (OR = 0.52, p ~ 0.095). Neither Llama2
(OR = 0.73, p = 0.373) nor Phi4-Reasoning (OR = 0.57,
p = 0.142) differs significantly from the reference. A resid-
ual deviance—to—degrees-of-freedom ratio of 0.49 indicates
no evidence of overdispersion, supporting model adequacy.

Robustness via GEE. Finally, to ensure these effects gen-
eralize across scenarios, we estimated a generalized estimat-
ing equations (GEE) logistic model with vignette as a covari-
ate and clustering on run under an exchangeable correlation
structure. None of the vignette coefficients reached signifi-
cance (all Wald p > 0.33), and the estimated intra-cluster
correlation (a =~ —0.006) was effectively zero. This con-
firms that the model-level differences in win probability hold
uniformly across all four legislative vignettes.

Qualitative Analysis

Influence and Peer Alignment To assess how agents sig-
nal endorsement and deference, we compute two metrics
from vote justifications: the Peer-Mention Rate (PM), i.e.
the percentage of votes in which an agent explicitly names
its vote target, and the Winner-Mention Rate (WM), i.e. the
percentage of justifications that reference the eventual round
winner (Table 3).
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In the heterogeneous condition, Phi4-Reasoning leads
in explicit endorsement (PM = 54.2 %), closely followed
by Llama3 (PM = 52.5 %); their Winner-Mention Rates
are 433 % and 11.7 %, respectively. Mid-tier models
such as Granite3.3 (29.2 %/15.0 %) and Llama2 (27.5
%/19.2 %) show moderate alignment, while weaker agents
like Gemma3 (10.8 %/5.8 %) and Qwen3 (10.8 %/1.7
%) rarely name peers or winners. Under homogeneous
pairings, Llama3’s Peer-Mention Rate spikes to 76.0 %
(WM = 27.0 %), indicating strong intra-model endorse-
ment, with Phi4-Reasoning remaining high at 48.0 %/26.0
%. Most other models see reduced peer-mentions (e.g.
Granite3.3 at 30.0 %, DeepSeek-RI at 29.0 %), though
they continue to acknowledge winners to a non-trivial de-
gree. Notably, Phi4-Mini-Reasoning collapses in homo-
geneous settings (PM = 1.0 %, WM = 0.0 %), reflect-
ing nearly no explicit endorsement. Overall, heterogene-
ity yields more balanced peer- and winner-mention behav-
iors across diverse policies, whereas homogeneity amplifies
self-alignment—particularly for Llama3—while preserving
moderate deference to the eventual winner.

Thematic Analysis We performed a closed-set thematic
classification of agent justifications using a jurisprudential
coding scheme (Table 4) and a large language model to en-
sure consistency and scalability. Specifically, we extracted
three text fields from each agent record—proposed rule, pro-
posal reasoning, and voting justification—and applied the
following pipeline:

1. Preprocessing: Load the cleaned CSV of justifications,
drop any rows with parse failures or empty text, and limit
each text to at least 10 characters to avoid spurious clas-
sifications.

2. Prompting Setup: Construct a system prompt that in-
structs the LLM to choose exactly one of ten jurispru-
dential themes (e.g. JUST, LEG, ACC, ... SOLI) as the
“dominant legal theme” in each justification.

3. Model Inference: For each text field, send a two-
message prompt to a LLM (11ama3 and gemma3) via
the Ollama API—first the system message defining the
themes. Capture the first token of the response and map
it to the valid theme codes, or label it “UNKNOWN” if it
does not match.

Postprocessing: Rate-limit to avoid API throttling, col-
lect the three theme codes per agent per round, and save
the enriched dataset.

5. Inter-Annotator Agreement: To validate the LLM’s
thematic coding, we compared its labels against human
annotations on a 10% random sample (220 observations)
across three justification stages. Table 5 reports Cohen’s
k between the human standard and each model.

Agreement is strongest for voting justifications (x >
0.82), reflecting the relatively formulaic language agents use
when endorsing peers. Rule-labeling attains substantial con-
cordance (x ~ 0.74 on average), whereas proposal reason-
ing is inherently more nuanced, yielding moderate agree-
ment (k = 0.71 for Llama3; k = 0.61 for Gemma3). These
results indicate that our LLM-based annotation pipeline



Theme Code Jurisprudential Grounding Description and Examples

Fairness / Justice JUST Natural Law (Finnis 2017); Rawlsian The-  Appeals to equity, non-discrimination, or procedural justice. E.g.,
ory (Teson 1995); Human Dignity Traditions  “ensures fair access”, “avoids unjust bias”.
(Sensen 2011)

Legality / Rule of Law LEG Legal Positivism (Rumble 1980); Constitu-  Focuses on legal validity, codified norms, and procedural legiti-
tionalism (Waluchow 2001) macy. E.g., “violates statute”, “complies with regulation”.

Accountability ACC Legal Realism (Llewellyn 2017); Institutional ~ Emphasizes traceability, institutional responsibility, or enforce-
Rule of Law (Haggard, Maclntyre, and Tiede =~ ment. E.g., “requires oversight”, “holds someone accountable”.
2008)

Transparency TRAN Legal Process Theory (Eskridge Jr and  Concerns over access to reasoning, interpretability, and due pro-
Frickey 1993); Democratic Legal Theory  cess. E.g., “must be explainable”, “opaque systems are unjust”.
(Purcell Jr 1969)

Consent / Autonomy CONS Liberalism (Cowling 1968); Social Contract  Centers on voluntary agreement, informed choice, and personal
Theory (Jos 2006) autonomy. E.g., “without user consent”, “requires opt-in”.

Harm / Risk HARM Utilitarianism (Bentham and Mill 2004); Tort ~ Focuses on prevention of physical, social, or systemic harm. E.g.,
Law (Coleman 1987); Precautionary Principle ~ “prevents harm”, “reduces future risk”.
(Cameron and Abouchar 1991)

Rights-based Reasoning RGHT Natural Rights (Jenkins 1967); Human Rights ~ Appeals to inherent dignity, privacy, or liberty. E.g., “violates right
Law (De Schutter 2019) to privacy”, “restricts freedom”.

Utility / Welfare UTIL Consequentialism (Mathis 2011); Economic =~ Frames decisions in terms of maximizing benefit or efficiency.
Analysis of Law (Harnay and Marciano 2009)  E.g., “reduces cost”, “greatest good for most people”.

Responsibility / Liability RESP Civil and Criminal Law (Katz 2019) Assigns legal or moral burden. E.g., “shared responsibility”, “who

is liable for failure”.
Solidarity / Common Good SOLI Communitarianism (Hughes 1996) Advocates for collective welfare, public interest, or environmental

”»

justice. E.g., “benefits society”, “protects future generations”.

Table 4: Rhetorical themes grounded in jurisprudential theory (following (Wacks 2021)).

Stage Human vs. Llama3 Human vs. Gemma3
Rule 0.76 0.72
Reasoning 0.71 0.61
Voting 0.84 0.82

Table 5: Cohen’s « for Theme Coding (Human vs. LLM)

achieves near—human consistency—especially in the voting
stage validating its scalability for large-scale thematic anal-
ysis. Moreover, this automated workflow produces a struc-
tured thematic label for every proposal and vote, enabling
downstream comparisons of how different models invoke
specific jurisprudential rationales (e.g., fairness, harm reduc-
tion, rule-of-law) when drafting rules and casting ballots.

Aggregate Thematic Trends To capture the broad ju-
risprudential orientations of our agent ensembles, we aggre-
gate theme annotations across all vignettes and justification
types, comparing heterogeneous and homogeneous condi-
tions. As shown in Figure 3, heterogeneous assemblies pro-
duce a richer mix of themes, whereas homogeneous runs
(Figure 4) concentrate heavily on a few dominant rationales.

Dominance of Rule-of-Law and Justice Across both se-
tups, the JUST (justice/fairness) and LEG (legality/rule-of-
law) codes together account for the majority of justifications.
In heterogeneous groups, JUST comprises roughly 40-60%
of all themes in proposals, reasoning, and voting justifica-
tions, with LEG contributing an additional 15-25%. This
pairing reflects a consistent preference for procedural le-
gitimacy and equitable outcomes when agents face diverse
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peers. Homogeneous runs amplify this pattern: JUST alone
often exceeds 70% in proposal stages, and LEG remains
the second most frequent theme (20-30%), suggesting that
like-minded agents default to foundational legal-formal ar-
guments.

Context-Sensitive Emphasis on Harm and Accountabil-
ity In heterogeneous settings, the HARM and ACC codes
show substantial variation by vignette. For high-risk scenar-
ios like “Self-Driving Collision,” HARM rises to 30-40%
of reasoning themes, whereas in “Patterned Discrimination”
it falls below 10%. ACC appears most in “Social Graph
Scanning,” where data traceability and responsibility con-
cerns drive nearly 20% of justifications. By contrast, homo-
geneous pairs dampen these context effects: HARM rarely
exceeds 15% and ACC stays under 10% across all vignettes,
indicating a blunted responsiveness to scenario-specific risk
and institutional concerns when agents share the same pol-

icy.

Variability in Autonomy and Solidarity Appeals The
CONS (consent/autonomy) and SOLI (solidarity/common
good) themes are rare but informative. In heterogeneous
runs, CONS appears in 10-15% of proposal reasoning,
peaking with personal choice vignettes, while SOLI stays
below 5%. Under homogeneity, both themes nearly vanish,
reflecting limited appeal for individualized or communal ar-
guments in uniform groups.

Minimal Use of Utility and Transparency Across all
conditions, the UTIL (utility/welfare) and TRAN (trans-
parency) themes are rare < 5%, suggesting that agents sel-
dom frame arguments exclusively in terms of cost-benefit
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Figure 3: Jurisprudential themes in heterogeneous sessions. Across four vignettes, agents lean on Justice and Legality when
drafting proposals and justifications, then shift toward Harm and Accountability rationales when casting votes particularly
in risk-intensive scenarios highlighting a move from procedural concerns to outcome-driven critique in diverse multi-agent

deliberations.

efficiency or procedural explainability. Heterogeneous se-
tups exhibit slightly higher TRAN during voting (up to 8%),
whereas UTIL peaks at 7% in “Al-Created Symphony” pro-
posals. Homogeneous setups show negligible UTIL/TRAN
usage, underscoring the dominance of normative justice and
legality over instrumental or interpretability concerns.

Taken together, these aggregate trends demonstrate that
model diversity fosters a more balanced and context-
sensitive spread of jurisprudential rationales, while model
uniformity drives convergence on core legal-formal themes
(justice and rule-of-law) at the expense of risk, autonomy,
and collective-good considerations.

Heterogeneous Theme Persistence In heterogeneous set-
tings, agents disproportionately reinforce communal and
risk-oriented themes when justifying their proposals. Sol-
idarity (SOLI) never appears in the initial proposal but is
always invoked in reasoning (OR = o0), followed by harm
mitigation (HARM, OR = 2.78), accountability (ACC, OR
= 1.33), and justice/fairness (JUST, OR = 1.27). In contrast,
legality (LEG, OR =0.31), rights (RGHT, OR =0.41), con-
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sent/autonomy (CONS, OR = 0.50), transparency (TRAN,
OR = 0.61), responsibility (RESP, OR = 0.53), and utility
(UTIL, OR = 0.67) are under-reinforced, indicating that for-
mal and technical rationales are less “sticky” from proposal
to reasoning.

Homogeneous Theme Persistence Under homogeneous
pairings, the carry-through of harm (HARM, OR = 2.64),
solidarity (SOLI, OR = 2.52), and accountability (ACC,
OR = 2.27) remain strong, with justice (JUST, OR =
1.66) also significantly amplified. Utility (UTIL, OR =
1.00) reaches parity, suggesting equal emphasis in both
stages. Conversely, legality (LEG, OR = 0.14), responsibil-
ity (RESP, OR = 0.28), transparency (TRAN, OR = 0.65),
rights (RGHT, OR =0.76), and consent (CONS, OR =0.50)
show even weaker persistence in reasoning. This pattern un-
derscores that uniform agent cohorts double down on com-
munal, risk, and accountability narratives while further de-
prioritizing strictly legal-formal or technical justifications.

Proposal-Vote Thematic Consistency The consistency
rates in Table 6 confirm that agents rarely maintain the
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Figure 4: Jurisprudential themes in homogeneous sessions. When identical models deliberate, Justice remains the predominant
theme throughout proposals, reasoning, and votes, with Legality & Consent as a consistent secondary focuses and all other
themes scarcely invoked, reflecting a uniform argumentative style under model homogeneity.

same theme from proposal to vote under heterogene-
ity: match rates range from 26.7% (Gemma?2) to 44.2%
(Llama3), with DeepSeek-R1 at 30.0% and Phi4-Mini-
Reasoning at 34.2%. Correspondingly, theme changes occur
in 78.0-99.0% of rounds (lowest for Phi4 at 78.0%, high-
est for Gemma3 at 99.0%). In contrast, homogeneous co-
horts show much higher thematic coherence: match rates
climb to 28.0-54.0% (e.g. Phi4-Mini-Reasoning at 54.0%,
DeepSeek-R1 at 45.0%), while theme changes drop to
11.2-17.2% (lowest for Phi4-Mini-Reasoning at 11.2%,
highest for Gemma?2 at 17.2%). This stark difference high-
lights that diversity prompts agents to reframe their norma-
tive arguments when switching roles, whereas uniform pol-
icy groups largely preserve their jurisprudential stance.

Discussion

Our work introduces NomicLaw, a reusable multi-agent
framework that treats LLMs as collaborators in a struc-
tured propose—justify—vote loop. Our primary contribution
is this framework, which enables research on legal in-
terpretability and alignment helping researchers move be-
yond isolated prompts and systematically study how mod-
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els negotiate, persuade, and resolve conflicts in a controlled
setting. As LLMs enter legal drafting and regulatory re-
view, understanding their group dynamics becomes essen-
tial. NomicLaw surfaces biases such as self-voting, echo
chambers, and coalition fluidity, offering a scientific lens on
Al-mediated policymaking rather than relying on anecdotal
case studies.

In the heterogeneous setting, model diversity markedly
reduced self-voting rates, increased coalition turnover, and
yielded a wider spectrum of jurisprudential themes, demon-
strating that mixing distinct LLM architectures disrupts in-
sular agreement and fosters more varied argumentative ex-
changes. In contrast, in homogeneous sessions where all
agents instantiated the same model self-support was sig-
nificantly higher, bloc stability remained elevated, and the-
matic diversity contracted, with agents defaulting to a nar-
row justice-or-rule-of-law discourse. These results corrob-
orate NomicLaw’s capacity to surface how model hetero-
geneity governs collective deliberation, persuasion strate-
gies, and rule-adoption dynamics.

As detailed in Appendices, both PCA (see Figure 1
& Table 3 and Ward’s hierarchical clustering (Figure 2



Heterogeneous Homogeneous
Model
VM (%) TC (%) VM (%) TC (%)

DeepSeek-R1 30.0 90.0 45.0 142
Gemma2 26.7 91.0 42.0 17.2
Gemma3 28.3 99.0 43.0 16.2
Granite3.3 34.2 98.0 40.0 16.0
Llama2 37.5 80.0 33.0 15.0
Llama3 44.2 94.0 29.0 14.4
Phi4 31.7 78.0 28.0 15.8
Phi4-Mini-Reasoning 34.2 90.0 54.0 11.2
Phi4-Reasoning 333 85.0 44.0 13.0
Qwen3 30.0 90.0 40.0 13.6

Table 6: Proposal-Vote Thematic Consistency by Model
and Setup. VM = Vote—Proposal Theme Match Rate (%
of rounds where the vote justification shares the proposal’s
theme); TC = Theme Change Rate (% of rounds where the
theme shifts between proposal and vote).

on the standardized voting-behavior metrics converge on
three strategic families: (1) “Collaborative Builders” (e.g.,
DeepSeek-R1, Llama2) with high reciprocity and coalition
switching and top win rates; (2) “Competitive Soloists”
(e.g., Gemma2/3, Llama3) with heavy self-voting but unsta-
ble alliances and low wins; and (3) “Stable Consistentists”
(e.g., Phi4 variants, Qwen3, Granite3.3) clustering near the
PCA origin and in the central dendrogram branches, re-
flecting cautious, minority-position strategies. This agree-
ment across methods highlights NomicLaw’s ability to re-
veal emergent multi-metric behaviors and underscores how
model heterogeneity systematically shapes collective per-
suasion dynamics and outcomes.

This paper does not claim that LLMs truly comprehend
law. Instead, it provides audit metrics that allow practition-
ers to flag when proposals rest on surface patterns rather
than principled reasoning to establish future guardrails for
deploying generative systems in high-stakes legal work-
flows. We echo the Generative Al Paradox: models may
generate expert-quality text without genuine understanding
(West et al. 2023). Anthropomorphizing LLM “thinking”
can imbue machine-generated rules with unwarranted au-
thority, even as the underlying statistical processes remain
inscrutable. By quantifying both productive and problem-
atic interactions, NomicLaw helps probe the limits of legal
understanding in LLMs.

Our results highlight that LLMs, if used in legal drafting,
should function only as assistive tools supporting human de-
liberation by surfacing diverse perspectives or flagging po-
tential biases, rather than replacing human judgment. Quan-
titative audit metrics can help practitioners detect group-
think or surface-level agreement, emphasizing the ongoing
need for robust human oversight at every stage. Ethically,
our metrics caution that statistical pattern-matching is not
genuine legal reasoning, high win rates or coalitions do not
ensure sound statutory interpretation. Careful analysis and
transparent safeguards are needed to ensure LLMs support,
not replace, principled human judgment.
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Limitations and Future Work

While NomicLaw surfaces emergent behaviors in LLM-
mediated lawmaking, it omits real-world legislative features
such as amendment cycles, appeals, and domain-specific
complexities. Statistical inference is robust only in the het-
erogeneous condition (/N = 6 runs); homogeneous simula-
tions remain descriptive, and six simulation runs offer lim-
ited precision. Our thematic coding automated by Llama3
and Gemma3 with only 10% human validation (x > 0.7)
may inherit model biases or overlook subtle rhetorical strate-
gies. The uniform point-award scheme and fixed agent pool
constrain the diversity of strategic behaviors we can ob-
serve. Additionally, LLM agents occasionally produce pars-
ing errors or hallucinated content during proposal or justi-
fication phases, yielding syntactically malformed or seman-
tically inconsistent rules that require manual correction and
may skew downstream metrics (such rounds were excluded
from analysis).

While our study demonstrates the value of auditing LLM
behaviors in simulated lawmaking, it does not yet assess
whether agents generate genuinely distinct proposals or
merely rephrase similar solutions. Future work will incorpo-
rate semantic clustering and deeper textual analysis to distin-
guish substantive diversity from surface-level variation. In
real-world settings, frameworks like NomicLaw could guide
the development of tools for policymakers to compare, audit,
or synthesize draft rules, but robust human oversight remains
essential to ensure legal validity and uphold due process.

To strengthen our findings, we will increase experimental
runs, introduce amendment and appeal phases, vary round
lengths, and use more diverse vignettes. Thematic analy-
sis will be improved with larger annotated datasets and
adversarial prompts. We also plan to test varied incentive
schemes and engage legal experts in human—AI hybrid ses-
sions to evaluate rule quality, fairness, and real-world rel-
evance. NomicLaw is intended as a research framework
rather than an out-of-the-box solution for policy deploy-
ment. Its main contribution is to elucidate model limitations
and reveal diverse perspectives in a controlled experimen-
tal setting. Any extension toward real-world legal practice
should be grounded in robust human oversight, transparency,
and rigorous validation to ensure the quality and legitimacy
of generated rules.

Conclusion

We introduce NomicLaw, an open-source multi-agent
framework for studying collaborative lawmaking among
LLMs. By combining quantitative metrics with thematic
analysis, NomicLaw provides the first empirical basis for
assessing multi-agent legal reasoning and diagnosing group-
think or superficial agreement. These audit methods help
distinguish statistical mimicry from genuine understanding
and offer a foundation for the responsible integration of gen-
erative Al into legal workflows. Future extensions will incor-
porate richer legislative dynamics and human expert evalua-
tion, moving closer to real-world policy applications.
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