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Abstract

Consensus protocols for blockchain systems are typically designed around a fixed
participant model: rational miners, rational stakers, or protocol-scheduled valida-
tors whose strategy space is bounded by rules set offline. As autonomous agents
increasingly act on behalf of humans in decentralized settings, the participants
themselves become learning entities whose policies drift during operation, falling
outside the equilibrium assumptions of existing protocols. This paper studies
consensus in such a setting. We cast the problem as a Markov game played by
node agents, each trained with independent Proximal Policy Optimization, cou-
pled to a game-theoretic reward mechanism whose constraints align individual
incentives with role-appropriate behaviour, and implement the framework as a
simulation environment of up to 100 nodes with deterministic per-round final-
ity and longest-chain fork resolution. Across five research questions, we report
that policies converge quickly, reward distribution is equitable across nodes
after convergence, and adversarial tolerance aligns with the protocol’s ⌊n/3⌋
congestion threshold; a decomposition into finality latency, liveness, and fork-
resolution time exposes degradation modes that conventional success-rate-only
views conceal. We also report three negative findings: a language-model state
encoder yields no measurable gain over a numeric baseline while inflating train-
ing cost; the apparent benefit of a token-economy module is fully accounted
for by exogenous transaction-pool injection; and an online adaptive parameter
controller, evaluated against calibrated fixed baselines, does not improve steady-
state performance or robustness, its sole consistent benefit being equivalent to
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a reward-annealing schedule. We replace the framework’s original probability-
one convergence claim with an ε-approximate Nash existence result and identify
centralized-critic variants as a direction for tightening the non-stationarity gap.

Keywords: Multi-agent reinforcement learning, Blockchain consensus,
Game-theoretic mechanism design, Proximal Policy Optimization, Incentive
compatibility, Autonomous agents

1 Introduction

Complex collective behaviour can emerge from large populations of simple, locally
interacting units: bee colonies and bird flocks solve global problems through decen-
tralized coordination, and modern large language models exhibit analogous emergent
capabilities as their scale grows [1]. As autonomous agents built on such models begin
to act, transact, and coordinate on behalf of humans, we anticipate decentralized agent
societies in which self-interested, learning participants must reach agreement without
a central authority [2]. Reaching agreement among such participants is fundamen-
tally a consensus problem—but one whose participants and operating conditions are
non-stationary in a way that classical consensus was never designed to handle.

Established consensus mechanisms are built on static rules. Their core
parameters—block intervals, difficulty targets, committee and epoch sizes—are fixed
offline or adjusted only on human timescales, under the implicit assumption of a rel-
atively stable environment [3]. Bitcoin, for instance, fixes a target block interval of
roughly ten minutes and retargets mining difficulty only once every 2016 blocks (about
two weeks); sharded and committee-based protocols similarly preset committee and
epoch sizes that change slowly, if at all [4]. This assumption is increasingly unten-
able. Eyal and Sirer [5] showed that once participants are modelled as rational rather
than altruistic, honest participation ceases to be a dominant strategy under Bitcoin’s
PoW, exposing the brittleness of static rules against strategic behaviour. Later designs
improve throughput and latency—decoupling leader election from transaction pack-
aging in Bitcoin-NG [6], or partitioning the network in sharded protocols such as
Elastico [7]—yet their governing parameters remain preset and slow to adjust. When
the participants are learning agents whose policies drift within the lifetime of the sys-
tem, a controller that cannot adapt at the same timescale will repeatedly fall out of
equilibrium.

Our goal is therefore not to outperform permissioned Byzantine Fault Tolerant
(BFT) protocols on raw throughput in their own static, low-node-count regime; such
comparisons conflate fundamentally different design objectives. We instead target
what we call the adaptivity gap: sustaining incentive compatibility, liveness, and fair
reward allocation when both agent strategies and environmental conditions change
continuously. To this end we formalize the consensus process as a Markov game played
by node agents, in which the system’s incentive parameters are themselves adjusted
online from performance feedback, so that desirable collective behaviour is actively
maintained rather than statically assumed.
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Concretely, each node is an autonomous agent that learns a block proposal/vali-
dation policy via independent Proximal Policy Optimization (PPO), coupled with a
game-theoretic reward mechanism designed so that honest participation is an approx-
imate equilibrium strategy. An adaptive parameter controller monitors throughput,
fork rate, and consensus success rate, and adjusts reward/penalty weights, inactivity
thresholds, and decay factors at runtime. Two auxiliary components—a lightweight
token-economy model and a language-model-based state enhancement—are included
to make the simulated environment and agent observations more realistic; they
support, but are not essential to, the core consensus mechanism.

The main contributions of this paper are summarized as follows:

• We cast decentralized consensus among self-interested learning agents as a
Markov game and design an incentive-compatible reward mechanism whose con-
straints are intended to make honest behaviour an equilibrium strategy under
dynamic conditions, together with an analysis of equilibrium existence under the
stated assumptions.

• We propose an adaptive parameter-control mechanism that tunes consensus
incentives online from real-time performance feedback, replacing the offline-tuned
constants of static protocols and allowing the system to track non-stationary
agent behaviour.

• We integrate these elements into a single self-regulating framework and evaluate
it on networks ranging from 5 to 100 nodes, characterizing throughput conver-
gence, reward-distribution fairness, and graceful degradation under up to 50%
adversarial participants.

Figure 1 shows the overall architecture of the adaptive multi-agent consensus
framework.

2 Related Work

2.1 Blockchain Consensus Mechanisms

Blockchain consensus mechanisms ensure data consistency and system security among
distributed nodes; innovations in consensus design directly determine a system’s scal-
ability, throughput, and confirmation latency. Current mainstream approaches have
evolved along two primary directions.

The first follows the Nakamoto consensus paradigm, with Bitcoin’s Proof of
Work [8] as its foundation, and seeks performance through architectural innovation.
Bitcoin-NG [6] and Prism [9] decouple leader election from transaction packaging;
Ethereum’s GHOST protocol [10] and Conflux [11] adopt Directed Acyclic Graph
(DAG) structures to increase concurrency; ORIC [12] employs graph-chain ledgers for
adaptive high throughput. Chainweb [13] interlinks multiple parallel chains for secu-
rity, while OHIE [14] runs multiple independent chains with cross-chain references.
Monoxide [15] and ORIC-Shard [16] introduce sharding for near-linear throughput
scalability.
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Fig. 1 Illustration of the Adaptive Multi-Agent Consensus Training Framework. The process is orga-
nized into six sequential stages: State Construction, Decentralized Decision Making, Game-Theoretic
Consensus, Environment Update, Adaptive Parameter Control, and Learning. Node agents interact
with the blockchain environment, update policies via PPO, and adaptively adjust system parameters.

The second direction is Byzantine Fault Tolerant (BFT) committee-based consen-
sus, exemplified by Tendermint [17], adopted in Cosmos, whose primary advantage is
fast finality. Such designs are often combined with sharding, as seen in Elastico [7],
OmniLedger [18], and RapidChain [19]. These systems assign nodes to committees
via Verifiable Random Functions [20], enabling parallel consensus while preserving
BFT safety. Nakamoto-style mechanisms pursue security and decentralization in open
environments through computational competition, whereas BFT mechanisms favor
efficient finality through voting in more controlled settings.

Participant assumptions across the design space.

A property cutting across both directions, and one that motivates the present work, is
the participant model these protocols assume. Nakamoto-style protocols assume ratio-
nal miners whose strategy space is the set of mining/withholding decisions over fixed
protocol rules; BFT protocols assume participants whose roles (proposer, validator)
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are scheduled by the protocol; PoS protocols assume rational stakers within fixed stak-
ing rules. In each case the participant’s strategy space is bounded by rules that do
not change at the timescale of operation. Our setting is different: we study consensus
among participants whose strategies are themselves learned and therefore drift during
the system’s lifetime, which falls outside the equilibrium assumptions of the protocols
above.

2.2 Multi-Agent Reinforcement Learning

Tan [21] introduced independent Q-learning, in which each agent treats peers as part of
the environment — a design simple, decentralized, and the starting point for many sub-
sequent methods. A milestone for cooperative settings is MADDPG [22], which adopts
the centralized training with decentralized execution (CTDE) paradigm: agents access
global information during training but rely on local observations at execution time.
Zhang et al. [23] survey MARL methodologies spanning game-theoretic foundations,
value-function decomposition, and policy-gradient approaches.

For policy-gradient training specifically, Proximal Policy Optimization (PPO) [24]
has become a standard single-agent algorithm and underpins our node-level learner.
The natural multi-agent extension, MAPPO [25], pairs PPO with a CTDE central-
ized critic and has shown strong empirical performance on cooperative benchmarks.
A long-standing concern with applying independent learners in multi-agent settings is
non-stationarity: from any one agent’s perspective, the environment changes as peers
update their policies, weakening the convergence guarantees that motivate single-agent
algorithms [26]. We adopt independent PPO in this work for its simplicity and decen-
tralization properties, and discuss this trade-off explicitly in Section 3.3 and as a future
direction.

MARL has been applied to a range of distributed-systems problems. Mao et al. [27]
applied reinforcement learning to network routing, showing that learned policies out-
perform heuristics across diverse network conditions; the same group subsequently
extended the approach to data-center task scheduling [28], learning resource-allocation
strategies that surpass manually designed schedulers. Naderializadeh et al. [29] applied
MARL to channel allocation and power control in wireless networks, demonstrating
that distributed nodes can learn to coordinate and share resources through decen-
tralized interactions. Closer to our methodological concerns, Li et al. [30] proposed
a decentralized adaptive method with an explicit consensus step for non-convex non-
concave min–max optimization over multi-agent networks, synchronizing adaptive
learning rates across agents to mitigate divergence from inconsistent local updates.
Although their target is optimization rather than blockchain consensus, the struc-
tural pattern — decentralized local updates coordinated by a consensus step — is the
methodological neighbour of the present work.

2.3 Game-Theoretic Mechanism Design

Eyal and Sirer [5] provided a seminal analysis of strategic behaviour in Bitcoin’s
PoW consensus, showing rigorously that under a rational-miner model the “selfish
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mining” strategy can yield higher rewards than honest behaviour. This finding chal-
lenged the assumption in Nakamoto consensus that honest participation is a dominant
strategy, and highlighted the necessity of modelling consensus nodes as rational, self-
interested game participants. In systems composed of such agents, mechanism design
provides principled guidance on how to shape behaviour through carefully crafted
rules — particularly reward functions — so that individual utility maximization aligns
with system-level objectives, the property of incentive compatibility [31]. This line of
reasoning directly informs the reward design in Section 3.2.

In the PoS setting, Saleh [32] analyses consensus from game-theoretic and financial-
economic perspectives, examining the “nothing-at-stake” problem and its mitigations.
The Ouroboros protocol [33] provides the first PoS protocol with a rigorous cryp-
tographic security proof, integrating game-theoretic reasoning with cryptographic
techniques under rational adversary models. Beyond cryptocurrencies, Zhang et al. [34]
apply game-theoretic mechanism design to federated learning data trading, modelling
participant incentives to ensure data quality and fair reward distribution.

Relation to this work.

Protocols such as Ouroboros enforce equilibrium behaviour through static, crypto-
graphically guaranteed rules over a fixed participant model. We share the broader
objective of aligning individual incentives with collective outcomes, and inherit the
incentive-compatibility design principle of the works above. We differ in the partic-
ipant model: our nodes are learning agents whose policies evolve during operation,
which is the setting our framework targets. Whether dynamic adjustment of the incen-
tive parameters themselves adds value beyond a well-calibrated static design is an
empirical question, and we examine it directly in Section 4.5 rather than claiming it
as an a priori advantage.

3 Methodology

We describe the framework in four parts: an overview of the training loop and its formal
scaffolding (Section 3.1), the game-theoretic consensus mechanism that constitutes the
core contribution (Section 3.2), the learner and an analysis of equilibrium existence
(Section 3.3), and the systems-level mechanisms for adaptive control and fork resolu-
tion (Section 3.4). Two auxiliary modules — a token-economy load generator and an
optional language-model state encoder — are summarized briefly in Section 3.5; the
experimental record in Section 4 examines whether they earn their place.

3.1 Framework Overview

We model the multi-agent blockchain consensus system as a ten-tuple

S = ⟨N,E,A,G, P, T,Γ,M,R,O⟩, (1)

where N = {n1, . . . , nk} is the set of nodes, each an autonomous decision-making
agent; E is the blockchain environment that simulates transaction generation, block
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Fig. 2 The training loop is organized into six phases: state construction, decentralized action selec-
tion, game-theoretic consensus, environment update, adaptive parameter control, and policy/value
learning. Node agents interact with the blockchain environment and update their policies via PPO;
the adaptive controller adjusts incentive parameters online.

propagation, and network latency; A is the agent system encompassing each node’s pol-
icy and learning algorithm; G is the game-theoretic mechanism that resolves proposer
competition and assigns rewards; P is the adaptive controller that adjusts incentive
parameters from performance feedback; T is the discrete time index; Γ is the consen-
sus protocol including block validation and chain-selection rules; M is the inter-node
message-passing mechanism; R is the per-node reward function; and O is the observa-
tion space. The network operates under partial synchrony with probabilistic message
loss; each node is treated as a rational agent that learns to maximize its own discounted
return.

The training loop (Algorithm 1; Figure 2) is organized into six phases per step.
Phase I — State Construction. The system maintains a global context ctxglobal

containing blockchain length, throughput, consensus latency, success rate, and a
network-health indicator. Each node i constructs a local state si,local = [ntx,∆t, h]⊤ ∈
R

3 (transaction-pool size, time since last block, local health). Globally observable fea-
tures sglobal = [L, θtput, ffork, ρsuccess, τlatency, hnetwork]

⊤ are exposed to the adaptive
controller but not directly to the policy. An optional language-model encoder may con-
catenate a semantic embedding to si,local (Section 3.5); experiments use the numeric
state by default.

Phase II — Decentralized Action Selection. Each node samples an action
ati ∼ πi(· | s

t
i; θi) over the discrete set Ai = {0, 1, 2} = {Propose,Validate,Wait}.

Nodes designated as forced proposers (Section 3.2) must propose to preserve liveness;
all others act according to the learned policy.

Phase III — Game-Theoretic Consensus. The joint action profile passes
through the consensus mechanism G, which classifies proposers as voluntary or forced,
applies a congestion check, selects a successful proposer when the round succeeds, and
assigns role-dependent rewards or penalties. Section 3.2 develops this in full.

Phase IV — Environment Update. Transactions are generated as num tx =
max(1,Poisson(λ∆t)) and propagated probabilistically; the ledger is extended with the
newly finalized block (at most one per round); system metrics are recomputed. Fork
detection and resolution (Section 3.4) maintain eventual consistency across replicas.

Phase V — Adaptive Parameter Control. The controller compares moving
averages of throughput, fork rate, and success rate against target values and, when
the gap exceeds a stability threshold, adjusts the base reward, base penalty, inactivity
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Algorithm 1 Multi-Agent Consensus Training Framework
1: Input: Number of nodes n, episodes E, steps per episode T
2: Output: Trained node agents {N1, . . . ,Nn}
3: Initialize blockchain environment E(n)
4: Initialize node agents {Ni}

n
i=1 with policy πθi

and value Vϕi
5: for episode e = 1 to E do

6: sg ← E.Reset()
7: for step t = 1 to T do

8: actions← [ ]
9: for each node Ni do

10: si ← Ni.GetLocalState(sg)
11: ai ← Ni.ChooseAction(si)
12: actions.append(ai)
13: end for

14: (s′g,R, done)← E.Step(actions)
15: for each node Ni do

16: s′i ← Ni.GetLocalState(s′g)

17: Ni.StoreExperience(si, ai, ri, s
′

i, done)
18: end for

19: if t mod K = 0 then

20: for each node Ni do

21: Ni.Learn()
22: end for

23: end if

24: sg ← s′g
25: if done then

26: break

27: end if

28: end for

29: end for

30: return {Ni}
n
i=1

threshold, and decay factor. Details and an empirical evaluation are in Sections 3.4
and 4.5.

Phase VI — Learning. Every K steps, each node updates its policy and value
networks via independent PPO from its replay buffer (Section 3.3; Algorithm 4).

3.2 Game-Theoretic Consensus Mechanism

At every step, nodes occupy one of four roles: voluntary proposer, forced proposer,
validator, or waiting node. A node that has not voluntarily proposed for an extended
period is designated as a forced proposer to guarantee liveness. The mechanism (Algo-
rithm 3) is built around a parameterized reward structure, a congestion check, and a
history-weighted proposer-selection rule.

Reward design and incentive compatibility.

Table 1 states the per-role rewards. Three design principles structure the parameters:

1. Proposer-incentive hierarchy: the selected proposer receives the highest reward
(δ(t) ·Rbase), followed by unselected voluntary (αvol ·Rbase) and forced proposers
(αforced ·Rbase), with δ(t) > αvol > αforced.

2. Spam deterrence: when consensus fails because too many nodes propose simulta-
neously, voluntary proposers pay a penalty −λvol ·Pbase with λvol > λforced > 1;
forced proposers are penalized more mildly to preserve liveness.

8



Table 1 Per-role reward structure. Rbase and Pbase are
dynamically adjusted by the controller of Section 3.4.

Role Success Failure

Selected proposer Rbase · δ(t) —
Voluntary proposer Rbase · αvol −λvol · Pbase

Forced proposer Rbase · αforced −λforced · Pbase

Validator Rbase · β Rbase · ηverify

Idle node Rbase · γ Rbase · ηwait

3. Validation over idleness: validators receive β ·Rbase and idle nodes γ ·Rbase with
β > γ, making active validation strictly preferred to passive waiting.

These constraints align the reward function with system-level objectives so that role-
appropriate behaviour is a best response under the corresponding state.

Congestion check and proposer selection.

Let Iprop = {i : ai = 0} be the set of proposing nodes and τ the congestion threshold
(default ⌊n/3⌋, with a floor of 2). The consensus protocol Γ is

Γ(a1, . . . , an) =

{

Ψ(Iprop, t,H), |Iprop| ≤ τ,

⊥, otherwise,
(2)

where H records per-node histories (cumulative reward, inactivity count, forced-
proposer flag) and Ψ is the proposer-selection function. When the round fails (⊥), the
spam-deterrence penalties apply; when it succeeds, Ψ samples a proposer according
to weighted probabilities (Algorithm 2):

pselecti ∝ pbasei · αidle
i · βforce

i , (3)

with pbasei = max(0.1, Rhist
i /100), αidle

i = min(2.0, nidle
i /5), and βforce

i = 2.0 if node i
is a forced proposer (else 1.0). The minimum base probability and the capped inactivity
bonus ensure that no node is permanently excluded or permanently advantaged.

If no node proposes and none are forced, every node receives 0.1 · Rbase and the
round is treated as a failure.

3.3 Learning and Equilibrium Analysis

Each node i trains a policy πθi and a value function Vϕi
via independent Proximal Pol-

icy Optimization [24]. We use independent rather than centralized-critic training (e.g.,
MAPPO [25]) so that no inter-node global information is required at execution time,
preserving the framework’s decentralization property; the trade-off is non-stationarity,
discussed at the end of this section.
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Algorithm 2 Proposer Selection from History
Require: Proposing nodes Nprop, step t, histories H
Ensure: Selected proposer p∗ (or None)
1: if Nprop = ∅ then return None

2: end if

3: probs← [ ]
4: for each i ∈ Nprop do

5: pbase ← max(0.1, Hi.total reward/100)
6: pidle ← min(2.0, Hi.inactivity count/5)
7: pforce ← 2.0 if Hi.forced proposal else 1.0
8: probs.append(pbase · pidle · pforce)
9: end for

10: Normalize probs (uniform if all zero)
11: return RandomChoice(Nprop, probs)

Algorithm 3 Game-Theoretic Consensus
Require: Node actions A, step t, global state sg
Ensure: Proposer p∗, rewards R, success flag
1: Initialize Nvol, Nforced, Nverify, Nwait ← ∅
2: for i = 1 to n do

3: if ShouldForceProposal(i, t) then

4: Nforced ← Nforced ∪ {i}
5: end if

6: end for

7: for i = 1 to n do

8: if i ∈ Nforced then continue

9: else if ai = 0 then Nvol ← Nvol ∪ {i}
10: else if ai = 1 then Nverify ← Nverify ∪ {i}
11: else Nwait ← Nwait ∪ {i}
12: end if

13: end for

14: τ ← max(2, ⌊n/3⌋)
15: if |Nvol| ≥ τ then

16: R ← ApplyPenalty(· · · ); return (None,R, False)
17: end if

18: Nall ← Nvol ∪Nforced

19: if Nall = ∅ then

20: R ← {0.1 · Rbase}
n
i=1; return (None,R, False)

21: end if

22: p∗ ← SelectProposer(Nall, t)
23: R ← CalculateRewards(p∗, Nvol, Nforced, Nverify, Nwait)
24: return (p∗,R, True)

Independent PPO update.

At each learning trigger, node i samples a minibatch {(s, a, r, s′, d)}Bj=1 from its buffer
Di. Advantages are computed with the current value function and normalized within
the minibatch:

Âj = (rj + γVϕi
(s′j)(1− dj)− Vϕi

(sj)), Ãj =
Âj − µA

σA + 10−8
. (4)

The old log-probabilities are cached from the parameters θoldi at the start of the update
and held fixed for Kepoch inner epochs:

ℓoldj = log πθold
i

(aj | sj) (no gradient). (5)
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Algorithm 4 Independent PPO Update for Node Agent i
Require: Buffer D, minibatch size B, inner epochs Kepoch, clip ϵ, discount γ
Ensure: Updated πθi

, Vϕi
1: if |D| < B then return

2: end if

3: B ← SampleBatch(D, B); extract {(sj , aj , rj , s
′

j , dj)}

4: Vj ← Vϕi
(sj); V ′

j ← Vϕi
(s′j)

5: yj ← rj + γV ′

j (1− dj); Âj ← yj − Vj

6: Ãj ← (Âj − µA)/(σA + 10−8) ▷ normalize

7: ℓoldj ← log πθi
(aj | sj) with no grad ▷ cache before update

8: for epoch = 1 to Kepoch do

9: ρj ← exp(log πθi
(aj | sj)− ℓoldj )

10: Lpolicy ← −
1
B

∑
j min(ρjÃj , clip(ρj , 1− ϵ, 1 + ϵ)Ãj)

11: Lvalue ←
1
B

∑
j(Vϕi

(sj)− yj)
2

12: Update θi, ϕi with gradient-norm clip 0.5
13: end for

14: return πθi
, Vϕi

Within each inner epoch, the probability ratio is evaluated in log-space against the
current parameters:

ρj(θi) = exp
(

log πθi(aj | sj)− ℓoldj

)

, (6)

and clipped to produce the PPO surrogate objective

Lpolicy(θi) = −
1

B

B
∑

j=1

min
(

ρj(θi)Ãj , clip(ρj(θi), 1− ϵ, 1 + ϵ)Ãj

)

, (7)

with ϵ = 0.2. The value function is updated by minimizing Lvalue(ϕi) =
1
B

∑

j(Vϕi
(sj) − yj)

2, where yj = rj + γVϕi
(s′j)(1 − dj). Both updates apply global

gradient-norm clipping at 0.5; the old log-probabilities are floored at −4 for numer-
ical stability, bounding the achievable ratio in early epochs. Caching ℓoldj before the
update is essential: without it, the “old” and “current” distributions coincide and
the ratio collapses to unity, reducing PPO to vanilla policy gradient. We make this
implementation detail explicit because it materially affects training dynamics.

Stochastic-game formulation.

The system can be cast as a stochastic game [35] G = ⟨N,S, {Ai}, P, {Ri}, γ⟩ with
continuous state space S ⊂ R

d and finite per-node action set Ai = {0, 1, 2}. A sta-
tionary policy for node i is πi : S → ∆(Ai), with joint policy space Π =

∏

i Πi

and discounted value function V π
i (s) = E

[
∑

t≥0 γ
tRi(st, at)

∣

∣ s0 = s, π
]

. We make the
following standing assumptions:

(A1) Boundedness: |Ri(s, a)| ≤ M for some M > 0.
(A2) Continuity: P (s′ | s, a), Ri(s, a), and π(a | s; θ) are continuous in their arguments.
(A3) Compactness: S is a compact metric space and each Ai is finite.
(A4) Discounting: γ ∈ [0, 1).
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ε-approximate Nash existence.

For any ε > 0, the continuous state space admits a finite ε-net Sε ⊂ S with mapping
ϕε : S → Sε such that d(s, ϕε(s)) < ε for all s. The induced finite game Gε inherits
compactness and continuity from (A1)–(A4).

Lemma 1 (Existence in the finite game). Gε admits a Nash equilibrium π∗ε ∈ Πε.

Proof sketch. The policy space Πε is a finite-dimensional compact convex set; the best-
response correspondence is non-empty (finite MDPs admit optimal policies), convex-
valued (linearity of V π

i in πi), and upper semi-continuous (continuity of V implies a
closed graph). Kakutani’s fixed-point theorem yields a π∗ε ∈ BRε(π

∗
ε ). □

Theorem 2 (ε-Nash in the original game). Under (A1)–(A4), the original game G
admits an ε-approximate Nash equilibrium π∗ ∈ Π for every ε > 0, obtained as a limit
point of {π∗ε}ε→0.

Proof sketch. Compactness of Π under the weak topology (Alaoglu) yields a convergent
subsequence with limit π∗. If π∗ were not ε-Nash, a profitable deviation would persist
for sufficiently small ε by (A2), contradicting Lemma 1. □

Convergence.

Lemma 1 and Theorem 2 establish the existence of approximate equilibria. They do
not establish that independent PPO converges to such an equilibrium. From any one
agent’s perspective, the environment is non-stationary — other agents’ policies update
concurrently — which violates the stationary-environment assumptions under which
single-agent policy gradient is known to converge, and is a long-recognized obstacle in
MARL [26]. We therefore make no probability-one convergence claim; the policies we
deploy are the empirical fixed points of independent PPO under our training schedule,
and Section 4 reports their behaviour rather than asserting optimality. Adopting a
centralized critic in the style of MAPPO [25] is a natural direction for tightening this
gap and is left to future work.

3.4 Adaptive Parameter Control and Fork Resolution

This subsection describes two systems-level mechanisms: an adaptive controller that
adjusts incentive parameters online, and a fork-resolution protocol that guarantees
eventual consistency.

Adaptive controller.

The controller is the tuple ⟨Θ,Π,Ξ,Υ⟩, with adjustable parameters Θ =
{Rbase, Pbase, τidle, δ}, performance metrics Π = {θtput, ffork, ρsuccess, hnetwork}, an
adaptation function Ξ, and a phase detector Υ(t) ∈ {exploration, exploitation, stable}.
Every 10 steps, the controller computes normalized gaps ∆m = (m̄−m∗)/max(ϵm,m∗)
for each metric (with ϵθ = ϵf = 0.05, ϵρ = 0.3, clipped to [−1, 1]) and aggregates them
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Algorithm 5 Fork Detection and Resolution
Require: Local chain Blocal, finalized chain Bglobal

Ensure: Synchronized chain
1: if hash(Blocal[−1]) ̸= hash(Bglobal[−1]) then

2: idx← −1
3: for i = 0 to min(|Blocal|, |Bglobal|)− 1 do

4: if hash(Blocal[i]) = hash(Bglobal[i]) then

5: idx← i; break
6: end if

7: end for

8: Blocal ← Bglobal[0 : idx + 1]
9: end if

10: if |Blocal| < |Bglobal| then
11: Blocal ← Blocal ∪ Bglobal[|Blocal| :]
12: end if

13: ValidateChainContinuity(Blocal)
14: return Blocal

as
∆total = 0.4∆θ + 0.3∆f + 0.3∆ρ. (8)

If |∆total| < τstable = 0.1, no adjustment is made. Otherwise an adjustment factor
κ = 0.1∆total λphase scales four updates:

R
(t+1)
base = R

(t)
base ·

{

1 + 0.5κ, early

1 + κ, otherwise
(9)

applied when throughput falls below 0.2θ∗; P
(t+1)
base = P

(t)
base(1 + 0.3|κ|µphase) when the

fork rate is excessive; τ
(t+1)
idle = τ

(t)
idle(1−0.3|κ|ξphase) when network health h = nactive/n

falls below a phase-dependent threshold (0.6 early, 0.4 otherwise); and δ(t+1) = δ(t)(1−
0.2|κ|) in the late stage when ∆ρ > 0.25. Targets (θ∗, f∗, ρ∗) and the clamping bounds
on Θ are set per environment. The controller’s empirical behaviour, including the
calibration of θ∗ and a head-to-head comparison against fixed-parameter baselines, is
the subject of Section 4.5; we do not claim adaptivity as an a priori advantage here.

Fork detection and resolution.

Each node i maintains a local replica Bi
local and compares the hash of its tip block

to the hash of the latest globally finalized block: Forki = ⊮[Hi
local ̸= Hglobal]. On

detection, the node identifies the most recent common ancestor

Ancestorcommon = max
{

k : Hk
local = Hk

global

}

, (10)

replaces the divergent suffix with the corresponding global segment, and validates
chain continuity (the previous-hash field of every block must match the hash of
its predecessor). To model realistic networks, node i receives the global consensus
broadcast with probability pirecv ∈ [0.5, 0.95], drawn from a five-category distri-
bution at initialization. The protocol finalizes at most one block per round, which
provides deterministic progression of the canonical chain; combined with the forced-
proposer mechanism for inactive nodes, this guarantees liveness even under adversarial
conditions. Algorithm 5 states the synchronization procedure.
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3.5 Optional Components: Token Economy and

Language-Model State Encoder

The framework also includes two auxiliary modules that we kept separable from the
consensus core. We describe them briefly here and characterize their empirical contri-
bution in Section 4.3; readers interested in implementation details are referred to the
supplementary material.

Token-economy load generator.

Each node is paired with a token agent that performs small inter-agent transfers
between consensus rounds: it inspects its balance, picks another token agent uniformly
at random, and either initiates or requests a 10% transfer subject to balance thresh-
olds. Successful transfers produce signed transaction records that are inserted into
the corresponding node’s transaction pool before the next consensus round. Opera-
tionally, the token system acts as an exogenous source of transaction load on top of the
Poisson generator. The decision logic of the token agents is fully deterministic in the
current implementation; integrating language-model-driven token decisions, as origi-
nally envisaged, is left for future work, particularly in settings where the inter-agent
communication channel is itself semantic.

Language-model state encoder.

The local state sbase ∈ R
3 may optionally be augmented with a semantic embedding

produced by a pre-trained BERT encoder. A short textual description is generated
from the global context (transaction-pool size, chain length, throughput, network
health), with conditional clauses added when the pool exceeds 50 transactions or when
the chain growth rate exceeds 0.1. The description is tokenized and passed through
BERT; the final-layer CLS embedding embLM ∈ R

dLM is concatenated with sbase
to form the augmented state senhanced ∈ R

3+dLM . The augmented state, when used,
replaces sbase as the policy network input.

Empirical scope of both modules.

The role of these modules in the framework is contingent on their measured contribu-
tion. We treat them as hypotheses to be tested rather than as established components:
Section 4.3 reports a 2×2 factorial ablation that examines whether each module earns
its computational and architectural cost on the consensus task. The conclusions drawn
there determine the modules’ role in the framework presented in this paper.

4 Performance Evaluation

We organize the evaluation around five research questions: RQ1 — how does the
framework perform and converge across network scales? RQ2 — do the auxiliary
components (LLM state enhancement, token-economy module) contribute measurable
gains to the consensus core? RQ3 — is the rapid policy-entropy collapse observed
during training harmful, and does entropy regularization help? RQ4 — does the
adaptive parameter mechanism improve steady-state performance or robustness over
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Fig. 3 Main evaluation results (5 seeds, mean ± std). (a) RQ1: core metrics across network scales;
(b) RQ1: success-rate learning curves; (c) RQ2: 2×2 component ablation at n=20; (d) RQ3: entropy
sweep — success rate, fork rate, and throughput vs. entropy coefficient; (e) RQ4: three-arm adaptive
ablation (ON / OFF / OFF-200); (f) RQ4: performance under mid-training λ perturbation.

well-calibrated fixed parameters? RQ5 — how does the system degrade under adver-
sarial participation? Rather than reporting only favourable outcomes, we treat each
design component as a hypothesis to be tested; where a component fails to earn its
place, we say so and explain why. Figure 3 summarizes the main results.

4.1 Experimental Setup and Measurement Protocol

All experiments use the implementation described in Section 3: each node agent is
trained with Proximal Policy Optimization with cached old-policy log-probabilities,
clipped probability ratios (ϵ=0.2), per-minibatch advantage normalization, and global
gradient-norm clipping (0.5). Unless otherwise stated, results are reported over 5 ran-

dom seeds as mean ± standard deviation, for networks of n ∈ {5, 20} nodes trained
for 30 episodes. Transactions are generated following Poisson(λ) and each broadcast
transaction reaches a given node’s pool with probability ptx = 0.8. For RQ1–RQ4,
all nodes receive consensus broadcasts with a uniform probability precv = 0.95; the
adversarial experiments of RQ5 additionally model heterogeneous reception quality,
with precv drawn uniformly from {0.95, 0.85, 0.75, 0.60, 0.50} to reflect mixed network
conditions.

Throughput metric.

Throughput is measured as the number of transactions confirmed per consensus
round (tx/round). We deliberately avoid wall-clock-based throughput: in a sim-
ulated environment, wall-clock measurements conflate consensus behaviour with
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Table 2 Core performance across network scales (mean ±
std, 5 seeds, per-round throughput).

Metric n = 5 n = 20

Throughput (tx/round) 0.86± 0.09 3.14± 0.55
Consensus success rate 0.660± 0.071 0.920± 0.076
Fork rate 0.203± 0.053 0.699± 0.097
Final chain length 39.4± 1.9 46.8± 4.9

the computational cost of the agents themselves (e.g., encoder inference), making
results hardware-dependent and non-reproducible. The per-round metric is hardware-
invariant and isolates the work actually performed by the consensus process. Complete
hyperparameters and hardware specifications are provided in the reproducibility
appendix.

4.2 RQ1: Performance and Convergence Across Scales

Table 2 summarizes steady-state performance, and Figure 3(a,b) shows the corre-
sponding learning dynamics. Throughput scales with network size (0.86 → 3.14
tx/round from n=5 to n=20), as more participants both generate and confirm more
transactions per round. Consensus success rate is higher at larger scale (0.92 vs. 0.66),
reflecting that the congestion threshold γ = max(2, ⌊n/3⌋) is proportionally harder to
violate in larger networks. Policies converge quickly: at n=20, runs sustain a success
rate of 0.8 within 1–2 episodes.

Analysis of Fork Behaviour.

The fork rate rises markedly with scale (0.20 → 0.70). We verified that this is not
an artefact of policy collapse or synchronized proposing: the number of concurrent
voluntary proposers per step remains well below the congestion threshold (mean 3.2
at n=20; the probability of reaching the threshold is below 5%), and, as RQ3 shows,
increasing policy stochasticity does not reduce forking without sacrificing success rate.
Instead, forks at scale arise from the interaction of probabilistic broadcast recep-
tion with longest-chain synchronization: with more nodes, more local replicas can
transiently diverge before the next finalized broadcast reconciles them. Because the
protocol finalizes at most one block per round and resolves divergence from the last
common ancestor (Section 3.4, Algorithm 5), these forks are transient by construc-
tion; they are the cost of autonomous (rather than leader-scheduled) block proposal,
traded for decentralization.

4.3 RQ2: Do the Auxiliary Components Earn Their Cost?

A recurring concern with LLM-augmented systems is that language-model components
are attached to, rather than integrated with, the decision core. We therefore treat
both auxiliary components — the BERT-based state enhancement (Section 3.5) and
the token-economy module (Section 3.5) — as hypotheses to be tested, via a full 2×2
factorial ablation (Table 3; Figure 3(c)).
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Table 3 2×2 component ablation (mean ± std, 5 seeds).
“Conv.” is the first episode sustaining success rate ≥ 0.8;
percentages give the fraction of seeds reaching it.

n Config. Success Tx/round Fork Conv. (ep)

5 none 0.660± .071 0.86± .09 0.203 8.0 (100%)
5 +LLM 0.668± .048 0.90± .10 0.222 12.5 (80%)
5 +token 0.741± .082 1.44± .50 0.200 5.2
5 +both 0.751± .073 2.06± .49 0.213 9.2

20 none 0.920± .076 3.14± .55 0.699 1.6
20 +LLM 0.904± .098 3.05± .81 0.675 3.8
20 +token 0.987± .016 4.75± .29 0.684 1.6
20 +both 0.932± .084 4.74± .31 0.545 9.2

Effect of LLM-Based State Enhancement.

Across both scales, +LLM is statistically indistinguishable from the numeric-only
baseline on success rate, throughput, and fork rate (all differences within one standard
deviation), while each hypothesis under which semantic enhancement should help is
individually falsified: convergence is slower (8.0 → 12.5 episodes at n=5, with only
80% of seeds reaching the threshold; 1.6 → 3.8 at n=20), early-phase performance
is lower (0.766 → 0.647 mean success over the first five episodes at n=20), and run-
to-run stability does not improve. Meanwhile the component inflates training wall-
clock by 4–6× and the observation dimension by 768. The mechanistic reading is
straightforward: the decision-relevant state consists of three low-dimensional numeric
features over a three-action space; a 110M-parameter encoder embedding a textual
rendering of those same numbers adds no information — only noise and latency. We
therefore demote the LLM enhancement to an optional module and make no
performance claim for it. We conjecture that semantic enhancement becomes valuable
only when observations are irreducibly linguistic (e.g., natural-language proposals or
inter-agent messages); we leave this to future work.

Effect of the Token-Economy Module.

The +token condition does improve success rate (0.920 → 0.987) and throughput
(3.14 → 4.75) at n=20. Tracing the mechanism, however, shows that the token mod-
ule acts as an exogenous transaction source: token transfers are injected into node
transaction pools; fuller pools make block proposals both more likely to satisfy the
non-empty-pool precondition and able to carry more transactions; both metrics rise
accordingly. The improvement is therefore a property of increased transaction sup-
ply — which the consensus core absorbs well — rather than of agent-level economic
behaviour, and we report it as a load-sensitivity observation rather than a contribu-
tion of the module. The only notable interaction effect, a lower fork rate for +both at
n=20 (0.545 vs. 0.684), is accompanied by a 6× slowdown in convergence and lacks a
mechanistic explanation; we do not consider it robust.
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Table 4 Entropy sweep at n=20 (mean over 5
seeds). H is final-window policy entropy.

cH H Fork Success Tx/round

0 0.005 0.699 0.920 3.14
0.01 0.028 0.692 0.888 3.04
0.05 0.090 0.517 0.525 1.57

4.4 RQ3: Entropy Collapse and Regularization

Independent-PPO training in our setting exhibits rapid policy-entropy collapse: from
an initial entropy of ∼0.4 (action-space maximum ln 3 ≈ 1.10), policies become near-
deterministic within 1–2 episodes (H < 0.05). A natural concern is that collapse traps
agents in suboptimal deterministic strategies. We test this directly by sweeping the
entropy-bonus coefficient cH ∈ {0, 0.01, 0.05} (Table 4; Figure 3(d)).

The entropy bonus does counteract collapse (H rises monotonically), and at
cH=0.05 the fork rate drops (0.70 → 0.52). This reduction, however, is not a repair
but a Pareto-inferior trade: the same condition halves throughput (3.14 → 1.57) and
collapses success rate (0.92 → 0.53), while the per-step count of concurrent voluntary
proposers increases (mean 3.2 → 5.2; threshold-violation probability 0.05 → 0.43).
Injected stochasticity suppresses successful block production overall, and forking falls
only because fewer blocks exist to diverge. At n=5 the entropy–fork correlation is
negligible (r = −0.07).

Impact of Entropy Collapse

The deterministic policies that collapse produces are not suboptimal in this task. The
action space contains three options, the reward design makes role-appropriate actions
strictly dominant in most states, and the forced-proposer mechanism guarantees live-
ness independently of policy exploration. Exploration therefore has little residual value
once the small action ranking is learned, and near-deterministic policies achieve the
best observed operating points. We conclude that entropy regularization is unnecessary
in this environment — a boundary condition worth stating explicitly, since entropy
bonuses are often applied by default in MARL systems.

4.5 RQ4: Is the Adaptive Parameter Mechanism Actually

Adaptive?

The framework’s original design premise is that online adaptation of incentive param-
eters improves performance under dynamic conditions. We subject this claim to a
three-arm comparison: ON (the adaptive controller), OFF (parameters fixed at the
controller’s initial values: Rbase=20, Pbase=2, δ=0.8), andOFF-200 (parameters fixed
at the operating point the controller eventually reaches: Rbase=200, Pbase=3.0, δ=0.6).
The third arm is essential: it distinguishes “the adaptation process adds value” from
“the controller merely walks to a good fixed operating point.” The controller’s through-
put target is calibrated to 1.15× the fixed-parameter steady-state throughput so that
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Table 5 Adaptive-mechanism ablation at n=20, static regime
(mean ± std, 5 seeds).

Arm Success Tx/round Fork Conv. (ep)

ON 0.895± .100 2.95 0.644 1.6 (100%)
OFF 0.860± .175 3.26 0.589 1.25 (80%)
OFF-200 0.918± .091 3.20 0.651 4.0 (100%)
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Fig. 4 Adaptive controller behaviour (ON arm, n=20). Top: base-reward, penalty, and decay-factor
trajectories; the controller monotonically ratchets the base reward to its ceiling and pins the remaining
parameters at their bounds, converging to the OFF-200 operating point. Bottom: throughput feedback
gap after target calibration, wandering within [−0.67,+0.29] rather than saturating.

its feedback signal is informative rather than saturated. We evaluate a static regime
and a stress regime in which the transaction-generation rate λ is halved or doubled
mid-training (Table 5; Figure 3(e,f); trajectories in Figure 4).

Performance of the Adaptive Controller.

In the static regime the three arms are statistically indistinguishable on success rate,
throughput, and fork rate. Under λ perturbations, drops and recovery offsets are
small for all arms (|∆| ≤ 0.07) with no consistent ordering in ON’s favour; the con-
troller’s protective adjustments trigger at most 0.4 times per run. Under the targets
and bounds stated in Section 3.4, the adaptive mechanism improves neither steady-
state performance nor robustness, and the natural hypothesis that dynamic load is its
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advantage regime is not supported: well-calibrated fixed parameters absorb the same
perturbations equally well.

Analysis of Adaptive Controller Dynamics.

Parameter trajectories (Figure 4) explain both the null result and ON’s one consistent
advantage. Although the calibrated throughput target keeps that feedback channel
informative, the fork-rate and success-rate targets remain unattainable in this environ-
ment, so their channels monotonically ratchet the base reward to its ceiling (20 → 200)
and pin the penalty and decay factor at their bounds. The controller thus converges to
precisely the fixed operating point from which OFF-200 starts — which is why their
final performance coincides. ON’s genuine advantage — faster, more reliable conver-
gence (100% of seeds vs. 80% for OFF) — is therefore equivalent to a reward-annealing
schedule: gradually raising the base reward early in training stabilizes learning, and a
hand-designed warmup schedule would capture the same benefit without the adaptive
machinery.

Scope of the claim.

This negative result is conditioned on the stated target values and clamping bounds;
a controller with fully recalibrated, attainable targets on all channels might behave
differently, and we flag this as an open question rather than concluding that adaptive
incentive control is useless in general. Within the tested configuration, the summary
is: the framework’s performance derives from its game-theoretic reward structure and
the learned policies; the adaptive layer contributes a convergence-smoothing effect that
a fixed schedule can reproduce.

4.6 RQ5: Robustness Under Adversarial Participation

We evaluate adversarial robustness on a 20-node network across malicious fractions
{10%, 20%, 30%, 40%, 50%}, with 5 seeds per setting. Each malicious agent samples
one strategy at initialization from a fixed set — network-latency injection, selfish
withholding, double-spending (conflicting proposals), fork attempts, and passive non-
participation — and executes it with probability 0.4 per step. The configuration is
otherwise identical to RQ1: numeric-only state, the token-economy module disabled
(to avoid confounding the degradation curve with exogenous load), and heteroge-
neous broadcast reception with precv drawn uniformly from {0.95, 0.85, 0.75, 0.60, 0.50}
across all nodes regardless of intent. Beyond success rate and per-round throughput,
we report three indicators that capture how degradation manifests: finality latency
(rounds from block proposal to global finalization), fork-resolution time (rounds from
detection to synchronization), and liveness (finalized blocks per episode). Detailed
numbers appear in Table 6; curves are in Figure 5.

Tolerance aligns with the protocol’s ⌊n/3⌋ threshold.

Success rate is robust up to 20% malicious participants (≥ 0.83), exhibits a knee
at 30% — precisely the ⌊n/3⌋ congestion threshold built into the consensus proto-
col (Section 3.2) — and collapses by 40%. This is the failure point the protocol’s
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Table 6 System behaviour vs. malicious fraction at n=20 (mean ± std,
5 seeds; finality, fork-resolution in rounds).

Mal. % Success Tx/round Fork Finality Resol. Liveness

10 0.931± .082 2.96 0.797 0.10 2.13 45.2
20 0.834± .092 2.68 0.808 0.16 1.67 43.3
30 0.671± .232 1.84 0.777 0.28 3.89 36.2
40 0.354± .287 0.81 0.605 0.15 8.10 22.1
50 0.316± .279 0.63 0.649 0.17 7.00 22.0
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Fig. 5 Degradation under adversarial participation (n=20, 5 seeds). The cliff between 20% and 40%
malicious participants brackets the protocol’s ⌊n/3⌋ congestion threshold; finality stays low across
the range, while liveness halves and fork-resolution time quadruples in the failure regime.

design predicts: once the count of voluntary (or here, deliberately disruptive) proposers
exceeds ⌊n/3⌋, consensus rounds are penalized rather than completed, and the sys-
tem’s tolerance erodes accordingly. We make no claim of exceeding classical Byzantine
fault tolerance bounds.

Decomposition of Performance Degradation.

The three new indicators reveal a structurally informative pattern that the success-rate
column alone obscures. Finality latency remains low across the full range (0.10–0.28
rounds at every malicious fraction): blocks that do get finalized propagate quickly.
What degrades is the production and reconciliation of blocks themselves: liveness
halves from 45 to 22 blocks per episode between the safe and failure regimes, and fork-
resolution time quadruples from ∼ 2 to ∼ 8 rounds. The summary is that surviving
blocks are still finalized promptly, but fewer of them survive and divergences take
markedly longer to heal. Reporting only success rate and throughput, as is customary,
would have concealed this decomposition.

Run-to-run variance grows with adversity.

The standard deviation of success rate rises sharply in the failure regime (±0.23 at
30%, ±0.29 at 40–50%), reflecting a bimodal seed-level outcome: some seeds withstand
the attack while others collapse.It indicates that average behaviour at the threshold
should not be over-interpreted as a deterministic margin.

21



Table 7 Mixed-attack detection profile: per-node
undetected-step counts (out of 1500 steps; smaller = better
detected).

Attack Undetected steps Coverage

Passive non-participation ≈ 1500 none
Double spending ≈ 1500 none
Selfish mining 263 partial
Network latency 27 most
Explicit fork attempt 14 most

Sensitivity to Different Attack Types.

The framework operates without an explicit attack detector, relying on the consen-
sus rules themselves to discipline misbehaviour. To characterize which attacks the
rule set actually catches, we record per-step undetected-step counts under the mixed-
attack runs (Table 7). Two strategies are essentially invisible to the current rule set:
passive non-participation, which violates no protocol invariant and is only weakly
penalized via the inactivity-bonus mechanism, and double-spending in the form of
conflicting transaction submission, against which the consensus layer offers no direct
check. Latency injection, selfish withholding, and explicit fork attempts, by contrast,
are largely caught by the existing fork-detection and longest-chain reconciliation logic.
These observations come from mixed-attack runs and should be read qualitatively;
an isolated per-attack ablation (5 attacks × 5 ratios × 5 seeds = 125 runs) is left
to future work. The implication for design is direct: integrating a transaction-conflict
checker and an activity-based slashing rule would close the two blind spots without
altering the consensus core.

Architectural resistance, qualitatively.

Independently of the detection profile, two design choices contribute to the frame-
work’s behaviour under attack. Deterministic finalization of at most one block per
round (Equation 2) eliminates the vulnerability window characteristic of probabilistic-
finality protocols, which is consistent with the low finality latencies observed across all
malicious fractions. Fork resolution against the globally finalized chain (Section 3.4)
prevents persistent chain divergence even when local replicas transiently disagree,
though it does not prevent the production of forks in the first place — and the rise in
fork-resolution time at 40%+ malicious shows the cost when many divergences arise
simultaneously. Identity binding, if needed in a deployment, would be supplied by an
external mechanism (e.g., hardware attestation or certificate-based admission) rather
than claimed as an experimental property of this framework.

4.7 Fairness of Reward Distribution

A consensus protocol whose rewards concentrate in a few nodes erodes its own
decentralization: in this framework, accumulated reward feeds back into proposer-
selection probability (pbase = max(0.1, hi.total reward/100) in Algorithm 2), so reward
inequality compounds into participation inequality. We therefore examine the reward
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Table 8 Reward-distribution fairness: per-node cumulative reward,
post-convergence window vs. whole run (mean ± std, 5 seeds; all 5
seeds converged, 0 excluded).

Post-convergence Whole run

n G CV G CV

5 0.034± 0.059 0.083± 0.147 0.035± 0.059 0.083± 0.145
20 0.045± 0.025 0.119± 0.064 0.045± 0.025 0.119± 0.064
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Fig. 6 Reward distribution within the post-convergence window. Left: Lorenz curves at n=5 and
n=20, against the line of perfect equality. Right: per-node cumulative reward (box plot). Whole-run
distributions exhibit a bimodal shape attributable to the exploration phase rather than cross-node
inequality.

distribution induced by the game-theoretic mechanism, using the Gini coefficient G
and the coefficient of variation CV as complementary measures of inequality and
dispersion.

A reviewer of the previous version noted that the whole-run reward distribution
is bimodal — a low-reward cluster and a concentrated high-reward cluster — which
makes a single aggregate Gini value misleading. The bimodality is structural: the
low cluster corresponds to the exploration phase before policies converge, and the
high cluster to the post-convergence operating regime in which the fairness claim is
meaningful. We therefore report fairness over a post-convergence window, defined per
run as the interval following the first episode in which success rate reaches ≥ 0.8 (the
same convergence criterion used in RQ2). Whole-run values are reported alongside for
transparency.

Interpretation of the Fairness Results.

Table 8 and Figure 6 jointly address both the measurement question and the fairness
claim.
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(i) The bimodal whole-run distribution is a temporal artefact, not a cross-node
inequality signal. The Gini coefficient is nearly identical between the post-convergence
window and the whole run (G = 0.034 vs. 0.035 at n=5; 0.045 vs. 0.045 at n=20). This
invariance has a direct explanation: the low-reward cluster in the whole-run histogram
corresponds to the exploration phase, during which all nodes simultaneously earn
low rewards. Removing that phase via the convergence-window filter changes every
node’s cumulative total by approximately the same amount, leaving the cross-node
Gini unchanged. The bimodality is a timeline phenomenon, not a distributional one.

(ii) Per-node reward concentration is low throughout. Post-convergence Gini values
of 0.034–0.045 indicate that no node accumulates a structurally dominant share; the
Lorenz curves in Figure 6 lie close to the line of perfect equality. The coefficient of
variation (CV = 0.08–0.12) confirms tight dispersion. The larger seed-level standard
deviation at n=5 (±0.059) reflects one seed producing a single outlier-low node; this
small-network effect does not persist at n=20 (±0.025).

These results resolve the reviewer-identified text–figure contradiction in the prior
version. Under the corrected per-node measurement, the fairness claim is both numer-
ically supported and explained. We do not draw comparisons to external economic
inequality benchmarks, which conflate simulated protocol rewards with real-world
income distributions.

5 Conclusion

This paper studied consensus among self-interested learning agents, a setting that
falls outside the equilibrium assumptions of existing blockchain protocols. We cast the
problem as a Markov game played by node agents trained with independent Proximal
Policy Optimization, coupled to a game-theoretically motivated reward mechanism
that aligns individual incentives with role-appropriate behaviour, and built a simu-
lation environment supporting up to 100 nodes with deterministic per-round finality
and longest-chain fork resolution. Across five research questions, we found that poli-
cies converge quickly under a hardware-invariant per-round throughput measure, that
rewards are equitably distributed across nodes after convergence, and that adversarial
tolerance aligns with the protocol’s ⌊n/3⌋ threshold — a decomposition into finality,
liveness, and fork-resolution time exposing how degradation manifests in ways that
conventional metrics would conceal. We also report, with explanations rather than con-
cealment, three negative findings: a language-model state encoder yields no measurable
gain over a numeric baseline while inflating training cost; the token-economy module’s
apparent benefit is fully accounted for by exogenous transaction-pool injection; and the
adaptive parameter mechanism, evaluated against calibrated fixed baselines, does not
improve steady-state performance or robustness, with its sole consistent benefit equiv-
alent to a reward-annealing schedule. We accordingly replace the framework’s original
probability-one convergence claim with an ε-approximate Nash existence result and
an empirical account of what independent PPO settles to in practice, and identify
centralized-critic variants such as MAPPO as a natural direction for tightening the
non-stationarity gap. In sum, we present a framework that works in the regime we
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tested, together with a record of the components that did not improve performance.
We hope the latter is useful to subsequent work.

6 Discussion and Future Directions

The framework’s contributions and limitations have a common source: small action
spaces with strong dominance structure, combined with a forced-proposer liveness
mechanism, make the consensus task amenable to lightweight learners and leave little
residual room for auxiliary machinery to help. This explains both the positive findings
of the previous section (independent PPO suffices; the game-theoretic reward design
is the operative driver) and the negative ones (semantic state encoding, agent-level
economic behaviour, and online parameter adaptation do not improve the consensus
core in this regime).

Limitations.

We see three limitations that condition the scope of our claims, and that we did not
paper over in the evaluation. (i) Algorithmic. We use independent PPO; the resulting
non-stationarity from a single agent’s perspective is acknowledged but not eliminated.
Our equilibrium analysis establishes existence of ε-approximate Nash equilibria but
does not guarantee that independent PPO converges to one, and the policies we report
are empirical fixed points rather than certified optima. (ii) Mechanistic. The negative
result for the adaptive controller (Section 4.5) is conditioned on the stated targets and
clamping bounds: the fork-rate and success-rate targets remained unattainable in our
environment, so two of the three feedback channels saturated. A controller with fully
recalibrated, attainable targets on all channels might behave differently; whether such
a recalibration recovers a meaningful adaptivity advantage is open. (iii) Empirical.Our
evidence base is a simulation of up to 100 nodes with synthetic transaction load and a
heterogeneous reception model; we make no claim about deployed-system performance,
real network stacks, or implementation-level fault tolerance.

Future directions.

Four directions follow naturally from these limits. First, replacing independent PPO
with a centralized-critic variant such as MAPPO [25] would tighten the gap between
our existence result and what the learner actually attains, at the cost of requiring
inter-node global information during training. Second, the negative result on LLM
state enhancement is specific to settings where the observation is low-dimensional
and numeric; semantic encoders may yet earn their cost in settings where the con-
sensus content itself is linguistic. Third, the framework’s tolerance profile aligns with
the ⌊n/3⌋ congestion threshold (Section 4.6); raising this ceiling without abandoning
autonomous proposal is a substantive open question, and integrating verifiable ran-
domness or cryptographic admission as complementary mechanisms is one concrete
avenue. Finally, validation beyond simulation — larger networks, real transaction
streams, and deployment-grade tooling — would test whether the regime in which our
findings hold persists outside the controlled environment we studied here.
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Relation to Existing Consensus Protocols

The objective of this work differs from that of production blockchain protocols such
as PBFT, HotStuff, Tendermint, Bitcoin, or Ethereum. Those systems are engineered
for deployment under fixed protocol rules and are typically evaluated in terms of
throughput, latency, and fault tolerance. By contrast, our focus is on consensus among
learning agents whose policies evolve during operation.

Consequently, direct comparisons of simulated throughput or block production
rates with deployed consensus protocols would not be informative, as the systems
address different research questions. Rather than optimizing transaction-processing
performance, this work examines whether consensus can be maintained when partici-
pant behaviour is non-stationary and incentives must adapt online.

From this perspective, the framework should be viewed as an experimental plat-
form for studying consensus dynamics under learning participants rather than as a
replacement for existing BFT, PoW, or PoS protocols. Future work could investi-
gate whether the mechanisms developed here can be incorporated into more realistic
consensus architectures and evaluated under production-oriented network models.
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