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ABSTRACT

Blockchain networks do not stand still. Validator counts change as members join and leave consortia. Transaction loads

spike during market events and drop at weekends. Network conditions shift as infrastructure is upgraded, partitions

occur, and adversaries come and go. Yet the consensus mechanism at the heart of most blockchains is fixed at

deployment -- tuned for a single operating point and left there, performing well in one regime and poorly in others.

Adaptive consensus mechanisms respond to changing conditions by adjusting their own parameters -- block size,

timeout durations, leader rotation frequency, sampling parameters, and even the underlying protocol family -- in real time.

We present the Adaptive Consensus Framework (ACF), which designs and evaluates three adaptive strategies:

parameter-adaptive consensus (adjusting protocol parameters within a fixed protocol), mode-switching consensus

(switching between protocol families based on conditions), and ML-driven consensus tuning (using reinforcement

learning to optimise consensus parameters online). We test all three on Hyperledger Fabric 2.5 and a custom Tendermint

fork under six dynamic scenarios including load spikes, validator churn, and Byzantine fault injection. Our Adaptive

Quality Score (AQS) shows that ML-driven tuning achieves the highest sustained throughput (0.916 AQS) but

parameter-adaptive consensus offers the best stability-to-complexity ratio. Mode-switching delivers the widest operating

envelope at the cost of transition overhead averaging 4.2 seconds.
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1. Introduction

1.1 Static Consensus in a Dynamic World

Consider a consortium blockchain with 50

validator nodes processing a supply chain

workload. On a typical Tuesday, the network

handles 3,000 transactions per second with

200-millisecond finality. Then Black Friday hits.

Transaction volume triples. The fixed block size of

500 transactions, tuned for normal load, is now too

small -- blocks fill instantly and a backlog grows.

The timeout, set at 2 seconds for normal

propagation delay, is too long -- the network waits

for a timer that was calibrated for conditions that

no longer exist. And 48 hours later, when the spike

passes, those same parameters that were too

conservative during the spike become too

aggressive for the now-quiet network, wasting

resources on oversized blocks that ship

half-empty. This is the static consensus problem.

Every parameter choice is a bet on operating

conditions. Fixed parameters make that bet once.

Adaptive consensus makes it continuously. The

idea is not new -- TCP congestion control has

adapted to network conditions for decades, and

database query optimisers adjust plans in real

time. But applying adaptivity to consensus is

harder because consensus parameters affect

safety properties. A bad TCP parameter wastes

bandwidth. A bad consensus parameter can fork

the chain.

1.2 What We Built

We designed three adaptive strategies at

increasing levels of sophistication and risk.

Parameter-adaptive consensus is the conservative

approach: it stays within a single protocol family

(Tendermint or Fabric Raft) and adjusts numerical

parameters (block size, timeout, gossip interval)

based on observed conditions. Mode-switching is

more aggressive: it maintains two or more

consensus protocol implementations and switches

between them when conditions change

dramatically -- for example, switching from Raft to

PBFT when Byzantine behaviour is detected.

ML-driven tuning is the most ambitious: a

reinforcement learning agent observes network

state and adjusts consensus parameters to

maximise a reward function balancing throughput,

latency, and safety. Section 2 describes the three

strategies. Section 3 presents ACF. Results in

Section 4, discussion in Section 5, conclusions in

Section 6.

2. Three Adaptive Strategies

2.1 Parameter-Adaptive and Mode-Switching
Consensus

Parameter-adaptive consensus monitors three

signals and adjusts three parameters. The signals:

transaction arrival rate (measured as pending

transactions in the mempool, sampled every 500

milliseconds), block propagation latency

(measured as the time between block creation and

the last validator's receipt), and validator

responsiveness (fraction of validators responding

within the expected round time). The parameters:
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block size (transaction count per block, range 50

to 2,000), consensus timeout (range 500ms to 10

seconds), and gossip fanout (range 3 to 12 peers).

The adjustment rules are simple proportional

controllers: if the mempool exceeds a high-water

mark, increase block size; if propagation latency

exceeds a threshold, decrease block size and

increase timeout. The beauty of this approach is

that it never changes the protocol itself -- only its

operating parameters -- so safety proofs remain

valid. The limitation is that it cannot adapt to

changes that require a fundamentally different

protocol. Mode-switching maintains two full

consensus implementations running in parallel.

The primary handles normal operations. The

secondary stays synchronised but idle. When a

trigger condition is met -- Byzantine behaviour

detected (equivocating messages observed by

honest validators), network size crossing a

threshold (above 100 validators, switch from

PBFT-family to DAG-family), or sustained overload

(mempool growing for more than 60 seconds) --

the system executes a coordinated switch. The

transition requires a finalisation barrier: all

pending transactions must be committed under

the old protocol before the new one takes over. In

our tests, this barrier averaged 4.2 seconds -- fast

enough for most applications but noticeable for

latency-sensitive financial workloads.

2.2 ML-Driven Consensus Tuning

The RL agent treats consensus parameter

optimisation as a Markov decision process. State

space: mempool depth, block propagation p95

latency, validator count, recent throughput (rolling

30-second average), and recent block utilisation

(fraction of block capacity used). Action space:

adjustments to block size (increase/decrease by

10%), timeout (increase/decrease by 20%), and

gossip fanout (increase/decrease by 1). Reward

function: 0.5 x normalised_throughput + 0.3 x (1 -

normalised_latency) + 0.2 x safety_penalty. The

safety penalty is critical: it assigns a large negative

reward (-100) if any safety violation occurs

(conflicting commits, chain fork), ensuring the

agent learns to avoid parameter combinations that

compromise correctness. We trained the agent

using PPO (Proximal Policy Optimisation) on a

simulated Tendermint environment with 100,000

episodes of 500 steps each, then deployed it on the

real benchmark. The simulation was calibrated

against actual Fabric and Tendermint performance

measurements from Klein and Silva (2024) to

ensure transfer. The agent discovered several

non-obvious parameter combinations that a human

engineer would not typically try -- for instance,

temporarily reducing gossip fanout during load

spikes to reduce network congestion, which

counter-intuitively improves throughput because

the freed bandwidth is consumed by larger blocks

that propagate faster with fewer relay hops. Table

1 compares the three strategies.

Table 1: Three Adaptive Consensus Strategies
-- Design Comparison
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3. ACF Benchmark Design

3.1 Six Dynamic Scenarios

We designed six scenarios that capture the

real-world dynamics that static consensus

struggles with. Load spike: transaction rate jumps

from 3,000 to 9,000 TPS over 30 seconds, sustains

for 5 minutes, then drops back. Gradual growth:

rate increases linearly from 2,000 to 8,000 TPS

over 20 minutes. Validator churn: 20% of

validators leave and are replaced by new

validators every 5 minutes (simulating consortium

membership changes). Byzantine injection: f

validators switch from honest to Byzantine

behaviour at minute 10 of a 30-minute run.

Network degradation: inter-node latency increases

from 10ms to 200ms over 15 minutes (simulating

infrastructure issues). Mixed: all five conditions

combined, occurring at random intervals. Each

scenario ran on Fabric 2.5 (4 peers, Raft orderer)

and a custom Tendermint fork (50 validators, BFT)

under four configurations: static baseline (fixed

parameters), parameter-adaptive, mode-switching,

and ML-driven. Ten runs per configuration per

scenario, 30 minutes each, on the standard FTCBF

hardware (Klein and Bianchi, 2024).

3.2 The Adaptive Quality Score

AQS captures what we actually care about: how

well does the network perform across its full

operating range, not just at its peak? The formula:

AQS = 0.30 x sustained_throughput_ratio + 0.25 x

adaptation_speed + 0.25 x stability + 0.20 x

safety_record. Sustained throughput ratio is the

mean throughput across all six scenarios divided

by the best throughput achieved in any single

scenario -- a protocol that hits 10,000 TPS in ideal

conditions but drops to 1,000 under load spikes

scores poorly. Adaptation speed measures how

quickly throughput recovers after a condition

change (seconds from perturbation to 90% of new

steady state). Stability is the coefficient of

variation of throughput within each scenario --

lower is better. Safety record is binary per run:

any safety violation in any of the 60 runs = 0.0.

Table 2 summarises.

Table 2: ACF Evaluation Design -- Six
Scenarios x Four Configurations
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4. Results

4.1 ML-Driven Tuning Leads on Throughput,
Parameter-Adaptive on Stability

The load spike scenario tells the clearest story.

Static baseline: throughput drops from 4,800 to

2,400 TPS during the 9,000 TPS spike (the fixed

block size cannot absorb the burst, and the

mempool grows until transactions start timing

out). Parameter-adaptive: throughput dips to 3,600

TPS for about 8 seconds while the controller

detects the spike and increases block size, then

recovers to 6,200 TPS -- 29% above static peak

because the larger blocks are more efficient.

ML-driven: throughput dips to 4,100 for only 3

seconds (the agent responds faster because it acts

on mempool depth before the backlog is visible in

throughput metrics), then reaches 6,800 TPS.

Mode-switching: the overload trigger fires at

second 4, but the 4.2-second transition barrier

means throughput drops to zero briefly before

resuming at 6,400 TPS under the new protocol.

Across all six scenarios, ML-driven tuning

achieved the highest sustained throughput ratio:

0.884 (meaning it maintained 88.4% of its best

throughput even in the worst scenario).

Parameter-adaptive scored 0.824. Mode-switching

scored 0.796 (the transition barriers hurt). Static

scored 0.628. But on stability -- coefficient of

variation of throughput within scenarios --

parameter-adaptive led at 0.920 (lowest variation),

followed by ML-driven at 0.860 (the RL agent

occasionally explores suboptimal parameter

combinations), mode-switching at 0.760, and static

at 0.720.

4.2 Safety, Adaptation Speed, and AQS
Rankings

All four configurations maintained perfect safety

across all 240 runs (60 per configuration). We

designed the ML agent's reward function

specifically to prevent safety violations, and the

-100 penalty worked: during training, the agent

encountered 14 parameter combinations that

caused forks in simulation, and it learned to avoid

all of them. In deployment, the agent never

approached those regions of the parameter space.

Adaptation speed -- time from condition change to

90% of new steady-state throughput -- showed the

biggest differentiation. ML-driven: 3.4 seconds

average. Parameter-adaptive: 8.2 seconds.

Mode-switching: 12.4 seconds (dominated by the
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transition barrier). Static: 24.8 seconds (the

network eventually adapts through natural

backpressure, but slowly and inefficiently). AQS

rankings: ML-driven 0.916, parameter-adaptive

0.880, mode-switching 0.832, static baseline

0.712. The gap between ML-driven and

parameter-adaptive is real but not enormous --

0.036 AQS points -- and parameter-adaptive is

dramatically simpler to implement, audit, and

maintain. Tables 3 and 4 have the full numbers.

Table 3: Scenario-Level Throughput -- Four
Configurations (TPS, Tendermint 50
validators)

Scenari
o

Static Param-A
daptive

Mode-S
witch

ML-Driv
en

Load
Spike

2,400 6,200 6,400 6,800

Gradual
Growth
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Validator
Churn
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Byzantin
e Inject.

3,200 4,800 5,600 5,200

Network
Degradat
ion

2,800 4,600 4,200 5,000

Mixed 2,200 4,200 4,400 4,800

Mean 3,100 5,333 5,400 5,800

Table 4: AQS Dimension Scores -- Four
Configurations (0-1)
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uratio

n
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Safety AQS

ML-Dri
ven
Tuning

0.884 0.940 0.860 1.000 0.916

Config
uratio

n
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TPS

Ratio

Adapt
ation
Speed

Stabili
ty

Safety AQS

Param
eter-Ad
aptive

0.824 0.840 0.920 1.000 0.880

Mode-
Switchi
ng

0.796 0.760 0.760 1.000 0.832

Static
Baselin
e

0.628 0.480 0.720 1.000 0.712
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5. Discussion

5.1 The Case for Parameter-Adaptive as the
Default

ML-driven tuning scored highest overall (AQS

0.916), and if this were a benchmark paper we

would declare victory and move on. But this is a

systems paper, and in systems, complexity is a cost

that benchmark scores do not capture. The RL

agent requires a training environment that

accurately models the target network -- and if the

model is wrong, the agent will confidently apply

parameter settings that worked in simulation but

fail in production. It also introduces a new attack

surface: an adversary who understands the reward

function can manipulate network conditions to

steer the agent toward unfavourable parameters.

Parameter-adaptive consensus, by contrast, uses

proportional controllers that any systems engineer

can understand, tune, and audit. The gap to

ML-driven is 0.036 AQS points -- 3.6% on a

normalised scale. For most enterprise

deployments, we believe that gap does not justify

the additional complexity, operational opacity, and

attack surface of an RL agent in the consensus hot

path. Our recommendation for production: start

with parameter-adaptive. Add ML-driven tuning

only if the operating environment is so dynamic

that proportional controllers consistently lag

behind -- and then deploy the RL agent with a

hard-coded safety envelope that the agent cannot

override.

5.2 Mode-Switching: Powerful but Niche

Mode-switching produced the most interesting

result in the Byzantine injection scenario: when

honest validators detected equivocating messages,

the system switched from Raft (which has no

Byzantine tolerance) to PBFT (which does) within

4.2 seconds. Throughput dropped to zero during

the transition but resumed at 5,600 TPS under

PBFT -- compared to total failure under static Raft

with Byzantine validators. That is a genuine safety

win: the network detected an attack and

restructured itself to resist it. But the 4.2-second

transition barrier limits mode-switching to

scenarios where the benefit of switching clearly

outweighs a brief outage. Switching protocols

because load increased 20% is not worth it --

parameter adjustment handles that. Switching

because Byzantine behaviour was detected is

absolutely worth it. We see mode-switching as a

safety mechanism, not a performance

optimisation: it belongs in the toolkit for networks

that might face Byzantine adversaries but want to

run lighter consensus (Raft) in normal conditions.

Think of it as a circuit breaker that upgrades the

security model when conditions demand it.

6. Conclusion

6.1 What We Learned
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Adaptive consensus dramatically outperforms

static configurations in dynamic environments --

even the simplest adaptive strategy

(parameter-adaptive) improves sustained

throughput by 72% over static baselines.

ML-driven tuning achieves the highest AQS

(0.916) but parameter-adaptive (0.880) is close

enough that its simplicity makes it the

recommended default for production.

Mode-switching is a safety mechanism, not a

performance tool. And the RL agent's discovery of

counter-intuitive parameter combinations

(reducing gossip during load spikes) suggests that

there is more performance headroom in existing

protocols than manual tuning typically finds.

6.2 What We Are Releasing

The ACF adaptive consensus toolkit --

parameter-adaptive controller for Fabric 2.5 and

Tendermint (drop-in configuration patches),

mode-switching orchestrator (Raft-to-PBFT

transition code), PPO RL agent with training

environment and pre-trained weights, all six

scenario generators, the AQS calculator, and raw

data from 240 benchmark runs -- is available at

acf-consensus.org under Apache 2.0.
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Appendix A

ACF Controller Design and RL Agent
Specification

Parameter-adaptive controller tuning and PPO agent

architecture details.

Parameter-Adaptive Controller Design

PPO RL Agent Architecture and Training




