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Abstract

As critical infrastructure for Web 3.0, DAG-based blockchains promise
high throughput for DeFi, IoT, and DApps. However, realizing this
potential is challenging, as system performance is dictated by a
multitude of interdependent parameters across network, node, and
consensus layers. Manual configuration fails to adapt to dynamic
workloads, leading to suboptimal performance. We introduce Alzo,
anovel auto-tuner that employs hierarchical reinforcement learning
(HRL) to navigate this complex configuration space. By decompos-
ing the DAG blockchain’s workflow into distinct stages, Alzo’s HRL
policy learns from stage-level performance metrics to control criti-
cal parameters governing consensus, execution, and graph topology
in real-time. Furthermore, we employ a shadow-control loop to en-
sure the safety of all parameter adjustments. Our experiments show
that Alzo significantly outperforms other configurations, achieving
higher throughput and lower latency under variable workloads
with minimal overhead.
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1 Introduction

As the demand for blockchain scalability intensifies, novel archi-
tectures have emerged to overcome the limitations of traditional
linear chains. Among these, systems based on Directed Acyclic
Graphs (DAGs) have garnered significant academic and industrial
attention [39]. By allowing multiple blocks to be proposed con-
currently, DAG architectures fundamentally enhance transaction
parallelism and offer a promising path towards high-throughput
distributed ledgers. Prominent platforms like Conflux [19] are being
developed as foundational infrastructure for Web3.0 [22, 32], under-
scoring the technology’s potential. However, the performance of
these complex systems is exquisitely sensitive to their configuration.
The vast parameter space means that different tuning choices can
lead to orders-of-magnitude differences in throughput and latency.
Furthermore, as distributed systems facing real-world, fluctuating
workloads, they critically lack the ability to dynamically adapt their
configurations to maintain optimal performance.

To address the challenge of finding optimal system parameters,
automatic tuning has become an active area of research. Inspired
by advances in distributed databases, recent works have employed
Deep Reinforcement Learning (DRL) [3, 4, 40] for permissioned
blockchain auto-tuning. For instance, AdaChain adaptively selects
the best-performing blockchain architecture, but its approach of
switching entire architectures can lead to disruptive system restarts
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[41]. Athena proposes a multi-agent DRL system to optimize pa-
rameters for nodes in Hyperledger Fabric [21]. However, a criti-
cal review of existing DRL-based approaches reveals fundamental
limitations. They often lack sufficient consideration for workload
dynamism, making them ill-suited for online tuning [33, 49]. More-
over, these solutions are predominantly designed for permissioned,
linear blockchains and fail to address the unique topological and
execution characteristics of DAG-based systems. Crucially, they
typically employ a “flat” RL agent that attempts to learn a direct
mapping from the entire system state to a high-dimensional, com-
bined parameter space. This approach struggles with the curse of
dimensionality and a severe credit assignment problem, leading to
inefficient learning and suboptimal policies.

QO System Parameters:

I, - Block interval

D, - Dag max-children

F' - Gossip fanout

S. - Cache size blocks

QO Environmental variables:

o - CPU usage

R; - Input rate

1 — Memory usage

Q Performance metries:

# - Duration of executing phase
# - Duration of consensus phase
#' - Duration of validating phase
¥ - Duration of waiting

E" - Efficiency of validation

y - Transaction invalid ratio

L - Transaction latency

T - Transaction throughput

Figure 1: How Parameters Influence System Performance.

However, existing work lacks specialized parameter tuning meth-
ods for DAG-based blockchains. Tuning a DAG blockchain presents
a unique set of challenges that existing methods are not equipped
to handle. The parameter space is not just large; it is deeply inter-
connected across different system modules. As depicted in Figure 1,
adjusting a Ledger parameter like Dag max-children (the number
of children references) directly impacts network propagation and
node-level validation workload. A monolithic, flat agent cannot ef-
fectively model or navigate these intricate, cross-domain trade-offs.
Moreover, unconstrained tuning can easily destabilize the system.
An excessive gossip_fanout value could saturate network band-
width, while a large cache_size_blocks might exhaust memory
resources. Any practical tuning framework must therefore operate
within a "safe envelope,’ respecting explicit constraints on resources
like CPU, memory, and network I/O. The high degree of concur-
rency in DAGs complicates performance analysis. When latency
increases, it is non-trivial to determine whether the bottleneck lies
in tip selection, network gossip, or state persistence. This ambigu-
ity makes it difficult for a single learning agent to assign credit or
blame to a specific parameter adjustment.

This research gap highlights the need for a more sophisticated,
structured control strategy. Our work, Alzo, addresses these short-
comings by introducing a novel hierarchical reinforcement learning
framework specifically designed for the autonomous and adaptive
tuning of DAG-based blockchains.

To solve the challenges above, Alzo’s design is centered on two
core principles: hierarchical decomposition and constrained opti-
mization. First, we employ a hierarchical reinforcement learning
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architecture [6, 7, 25, 28] that decouples the complex tuning prob-
lem into two levels. A high-level Meta-Controller operates on a
slower timescale, monitoring the global system state and workload
to make strategic decisions. Its actions are not direct parameter
changes but rather setting priorities for different system domains
(e.g., Network, Ledger, Full-node). These priorities are then passed
to low-level, specialized Controllers, which are responsible for the
fine-grained tuning of parameters within their specific domain.
This hierarchical structure drastically reduces the action space for
each agent, clarifies credit assignment by linking performance bot-
tlenecks to specific domains, and enables an interpretable, modular
approach to system optimization.

Second, Alzo explicitly ensures that parameter adjustments are
safe and resource-aware. We introduce a constraint-aware mecha-
nism that integrates operational constraints directly into the agent’s
learning objective. By leveraging Lagrangian relaxation [13-15, 18]
, we transform the constrained optimization problem into an un-
constrained one, where the agent is penalized via the reward func-
tion for violating predefined parameter bounds. This formulation
enables Alzo to learn policies that aggressively optimize for perfor-
mance while proactively avoiding configurations that would lead to
system instability or resource violations. Furthermore, we propose
a shadow-circuit mechanism to validate parameter safety before
deployment, providing a hard guarantee that prevents malicious or
erroneous adjustments from compromising the live system.

The primary contributions of this paper are summarized as fol-
lows:

e By leveraging hierarchical reinforcement learning with a
strategic Meta-Controller and tactical domain-specific Con-
trollers, our framework enables fine-grained, explainable,
and adaptive optimization that addresses the unique chal-
lenges inherent to DAG-based blockchains.

e We design a safety-aware tuning mechanism that incorpo-
rates system constraints into the learning process. We use
Lagrangian relaxation to penalize resource violations in the
reward function, ensuring that the learned policies are both
high-performing and stable.

e We conduct a rigorous experimental analysis on Conflux.
Specifically, Alzo achieves 50.23% and 54.84% higher through-
put, along with 35.93% and 61.50% lower latency compared
to DQN-based and BO-based methods, respectively.

2 Background and Related Work

2.1 DAG blockchain

Directed Acyclic Graph (DAG)-based blockchain consensus mecha-
nisms can be categorized based on the fundamental unit proposed
by each node for consensus: block-based DAGs and transaction-
based DAGs. In block-based DAG architectures, transactions are
typically bundled into blocks. For instance, Conflux [19] employs a
main chain to guide the topological growth of the DAG, thereby
achieving efficient transaction consensus. MorphDAG [47] is de-
signed to address elasticity challenges in storage and transaction
processing under variable blockchain workloads. Several other
works propose parallel chain architectures where multiple instances
or paths produce blocks concurrently. Occam [43] utilizes a DAG
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structure featuring exponentially expanding and contracting con-
current paths. OHIE [45] organizes blocks into parallel chains and
devises a rank-based sorting algorithm to ensure a total order of
transactions. Similarly, Hashgraph [1] and DAG-rider [17] also
explore concurrent block production within a DAG framework.
Block-based DAG architectures are prevalent due to their struc-
tured approach, which can simplify certain aspects of consensus
and state management.

Transaction-based DAGs, alternatively, allow individual trans-
actions to be attached to existing vertices (previous transactions)
according to a deterministic algorithm. This fine-grained approach
at the transaction level offers opportunities for customized opti-
mizations, such as incorporating temporal characteristics for trans-
actions, and often results in lower operational costs. Consequently,
transaction-based DAGs have found notable applications in resource-
constrained environments like the Internet of Things (IoT). Notable
examples in this category include Spectre [35] and Phantom [36].
IOTA [34] utilizes a weighted random walk algorithm, specifically
Markov Chain Monte Carlo (MCMC), for new block to select two
preceding tips for approval. TidyBlock [29] introduces a novel con-
sensus mechanism incorporating a transaction ordering algorithm
and a block selection mechanism to enhance the efficiency of DAG
blockchains in IoT, catering to varying transaction priorities and
waiting times. RT-DAG [23] improves address resource utilization
by assigning priorities to transactions and introducing an Address
Resource Graph (ARG) to capture address usage during execution.
FLUID [27] designs a transaction dependency tracking structure
ensuring that consecutive, dependent transactions are processed in
the correct sequence.

2.2 Blockchain Parameters Tuning

Automatic configuration tuning is a well-studied problem in dis-
tributed systems, with existing works generally categorized into
search-based, machine learning-based, and reinforcement learning-
based methods. Search-based methods, particularly Bayesian Opti-
mization (BO), have been effectively used for black-box optimiza-
tion but often suffer from long execution times and an inability to
leverage historical experience [2, 8, 12]. Machine learning-based ap-
proaches build predictive models to map parameters to performance,
yet they often require costly retraining in new environments and
are sensitive to sample quality [5, 37]. More recently, reinforcement
learning (RL) has emerged as a powerful paradigm, treating tuning
as a trial-and-error process that can effectively reduce training costs
and adapt to changing environments [48].

While permissioned blockchains share characteristics with dis-
tributed databases, the aforementioned methods cannot be directly
applied due to the unique complexities introduced by consensus
mechanisms and intricate inter-parameter dependencies. Inspired
by these advances, recent research has employed Deep Reinforce-
ment Learning (DRL) for permissioned blockchain auto-tuning.
For instance, AdaChain adaptively selects the best-performing
blockchain architecture under dynamic workloads, but its approach
of switching architectures can lead to disruptive system restarts [41].
Other works have focused on optimizing specific system aspects,
such as dynamically adjusting block size [33], selecting consensus
parameters [24], or optimizing sharding strategies [46].
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Among the most relevant works, Athena proposes a multi-agent
DRL system to optimize heterogeneous parameters for different
nodes in Hyperledger Fabric [21]. However, a critical review of ex-
isting DRL-based approaches, including Athena and others [33, 49],
reveals several fundamental limitations. First, they often lack suffi-
cient consideration for the dynamism of workloads, making them
ill-suited for online tuning in non-stationary environments. Sec-
ond, they frequently fail to account for the significant performance
degradation caused by invalid transactions arising from conflicts, a
critical issue in real-world deployments.

3 System Design
3.1 System Model

Alzo functions as a parameter tuning module attached to each node
in the Conflux network. Each node deploys an independent tuning
agent, leveraging the inherent property of DAG-based blockchains
that do not require uniform parameter settings across the network.
Alzo adopts the same system model as Conflux, operating under net-
work conditions characterized by an uncertain yet bounded upper
limit A, which dictates the maximum permissible delay for mes-
sage transmission throughout the network. While this bound is not
concretely specified, it is instrumental in governing the network’s
functional dynamics. Consequently, the addition of Alzo’s param-
eter tuning module does not compromise the system’s liveness
or safety properties. To ensure the effectiveness of parameter ad-
justments, we propose specific mechanisms detailed in subsequent
sections.

During deployment, Alzo operates on a discrete time-step basis,
where each time step corresponds to every n confirmed blocks. The
tuning agent is triggered at each time step to generate recommended
configuration parameters. The empirical value of n is specified in
the Appendix.

3.2 Parameters and Performance

The foundational step in developing an autonomous tuning agent is
to establish a formal model that connects the system’s configurable
parameters to its observable performance. We evaluate the system’s
efficacy using the two primary top-level metrics in distributed
ledgers: latency and throughput. To enable fine-grained control
for our hierarchical agent, we dissect the end-to-end transaction
latency into a series of distinct processing stages that align with
the DAG transaction lifecycle.

The end-to-end latency for a single transaction is defined as the
difference between its confirmation time (7;) and its submission
time (Ty):

Latency =T, — T (1)

To gain deeper insight into performance bottlenecks, we de-
compose this total latency into seven sequential and concurrent
stages:

LateIlCY = Tprep + TpreSel + TpreVal + Teons + Tord + Teonf + Tstate (2)

where Tprep is the transaction preparation and packaging time,
Tpresel is the pre-block selection time (i.e., choosing tips), Tyreval is the
pre-block validation time, Tops is the consensus and propagation
time, Tyq is the ordering and conflict-pruning time, Teonf is the
confirmation time required to meet finality rules, and Tiate is the
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state update and persistence time. This fine-grained decomposition
is crucial as it allows our hierarchical agent, Alzo, to attribute
performance bottlenecks to specific stages.

The performance of a DAG-based DLS(Distributed Ledger Sys-
tem) is dictated by the intricate interplay of numerous parameters.
We categorize these parameters into three distinct domains to better
structure the action space for our control agent: Full-Node(F), Net-
work (N), and Ledger(L). A representative subset of these critical
parameters is shown in Table 1.

Table 1: Representative Configurable Parameters in a DAG-
based DLS

Parameter Cat. Description

mempool_limit F
cache_size_blocks F
db_write_batch F
max_blocks_per_fetch N

Pending transaction pool threshold
Pre-block/ledger cache size

Database write batch size

Maximum blocks fetched per network
request

gossip_fanout N Number of gossip peers per message
conn_buffer_size N Per-connection send/receive buffer size
msg_size_limit N Maximum message batch size
min_round_delay L Minimum interval between rounds
pre_Blocks L Number of parent references (out-
degree)
max_Children L Maximum direct children (in-degree)
milestone_interval L Confirmation trigger frequency
block_size L max transaction number in each block

The relationship between the complete parameter vector P =
[p1, P2, - .., pn]T and the system’s performance is a complex, non-
linear black-box function, f:

Performance = f(P) = (Latencyavg, Throughput) 3)

This function is subject to the hard constraints imposed by the valid
parameter ranges:

0 p1 Uy
2] P2 uz

<. <. 4)
bn n Un

The overarching goal is to find a parameter vector P* that solves
a multi-objective optimization problem: maximizing throughput
while minimizing average latency. Effectively, our system aims to
navigate this high-dimensional parameter space to operate along
the Pareto frontier of this trade-off, dynamically adapting its config-
uration to maintain optimal performance under variable workloads.
This complex, stage-dependent control problem motivates our de-
sign of a hierarchical reinforcement learning framework.

3.3 RL Design

A standard, “flat” reinforcement learning agent faces significant
challenges when tuning DAG blockchain parameters due to the
curse of dimensionality from the large, combined parameter space,
the difficulty in credit assignment, and the need to manage conflict-
ing objectives like throughput and latency.
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To overcome these challenges, we adopt a hierarchical decou-
pling strategy. We decompose the optimization problem into a high-
level strategic task managed by a Meta-Controller and several
low-level, domain-specific execution tasks handled by specialized
Controllers. As shown in Figure 2, each Controller operates in a
smaller, domain-specific action space, which simplifies the learning
task and accelerates convergence. The Meta-Controller is rewarded
for setting effective long-term goals, while each Controller is re-
warded for executing its specific strategy, making the learning
signals more precise. The Meta-Controller operates on a slower
timescale, learning long-term strategies from aggregated perfor-
mance trends. The Controllers handle rapid, tactical adjustments at
a faster timescale, reacting to immediate system feedback.

We formulate this problem as a two-level Markov Decision Pro-
cess (MDP), which provides a formal framework for our hierarchical
approach.

3.3.1 High-Level MDP: The Meta-Controller. The Meta-Controller
operates on a macroscopic scale, focusing on overall system health
and strategic adaptation to workload dynamics. Its objective is to
allocate optimization priorities across different system domains
rather than manipulating specific parameters. Its MDP is defined as
(Sn, An, R, Pr), where Py, is the transition probability function.

State Space (Sp,): The state s, is a vector capturing exter-
nal workload characteristics and global Key Performance Indi-
cators (KPIs). The external workload characteristics include the
transaction arrival rate (T;,,;), mempool remaining size (M, ;), and
mempool growth rate (Mg, ;). The global KPIs include normalized
throughput (Th,, ), latency (L;), and a binary vector of resource
violation flags c¢; € {0, l}M indicating overload on CPU, memory,
network, or disk.

Shit = [Tin,t, Mrs,t: Mgr,t: ct] (5)

Action Space (Ap): The action aj, is a 3-dimensional domain
emphasis vector ap; = [an, ar;s, ar;], representing the strategic
priorities for the Network (N), Ledger (L) and Full-Node (F) domains.
It satisfies ) a;; = 1 and a;; > 0, enforced via a softmax function.
For instance, an action [0.5,0.3,0.2] would direct the system to
prioritize network and ledger performance.

Reward Function (Rp,): The reward is computed over a long
time window to evaluate the strategic effectiveness of the Meta-
Controller, balancing performance enhancements with system sta-
bility:

Tht = Athpt * log(l + Throughput(sp,;, ah,,))
— Alat - Latency(sp, s, ap,s) (6)
— Asmooth * ”qt — (-1 ||§

Here, the logarithmic term on throughput encourages stable,
incremental improvements, while penalties are imposed for latency
and abrupt strategic shifts (measured by the L2 norm ||q; — q;-11|%),
thereby preventing system oscillations. The hyperparameters A.)
are tuned to balance these competing objectives.

State Transitions(#;,) The state transition function models how
the environment responds to actions and captures the temporal
characteristics of incoming transactions. In an MDP, the function
P(st41]8t,a;) defines the probability distribution over the next state
s+1 given the current state s; and action a;.
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Figure 2: System Overview of Alzo.

In this framework, the state transition is determined jointly by
the agent’s actions and the environment. Specifically, the results
of parameter adjustments ultimately form the new state s;,;. This
transition process naturally satisfies the Markov property and can
be formalized as:

St+1 :f(Sh,nah,t’ &), (7)

where f denotes the transition function implemented by the blockchain

transaction processing engine, and ¢; represents environmental
randomness, such as the stochastic arrival of transactions and non-
determinism in consensus.

3.3.2 Low-Level MDPs: The Domain Controllers. Each Controller
d € {N,L,F} acts as a tactical expert, receiving strategic guid-
ance from the Meta-Controller and optimizing its local domain
through precise parameter adjustments. Its MDP is defined as
(Stas Ava, Ria, Pras ¥1)-

State Space (S; 4):The low-level state space S; 4 integrates high-
level directives with detailed local telemetry, enabling informed
decision-making. Specifically, the state s; 4, includes the domain-
specific weight agz,; assigned by the Meta-Controller, which indi-
cates the strategic priority of the domain, along with local metrics
tailored to each controller. For the Network Controller (d = N), the
state is formulated as s; v ; = [Bu,, Qlen,t> an,¢], where By ; simpli-
fies bandwidth utilization, Qjen; represents message queue lengths,
an; is the domain weight. For the Ledger Controller (d = L), the
state is s;7; = [Tiip,s> GL¢> Orate,t> Cusage,t ], incorporating tip count
(Ttip,+), domain weight (ar ), orphan block rate (Orate,:), and CPU
usage (Cusage,r)- For the full-node Controller (d = F), the state is
SLFt = [aF,t Musage,t], including domain weight (ar,;), throughput
(Thp,t), and memory usage (Muysage,¢). This combination ensures that
each Controller has a comprehensive view of both global strategy
and local conditions.

Action Space (A, 4):The action space A; 4 consists of normal-
ized adjustments to parameters within its domain. The agent out-
puts a vector a; 4, with elements in [-1, 1], which is mapped to
relative changes (e.g., £10%) or absolute values for system parame-
ters. This relative adjustment mechanism promotes stable learning
by avoiding abrupt shifts that could destabilize the system.

Reward Function (R} ):The reward function R;, aligns lo-
cal actions with global objectives, resolves credit assignment chal-
lenges, and incorporates Lagrangian constraints to enforce resource
limits. It is structured as:

Tldt = & Tocald, + P - aar - ATy

- )’;mooth”Aplug - Z Hk maX(O! gk(Pt) - bk) (8)
k

where Component 1 (@ - Tocald,) provides a scaled, domain-
specific reward to encourage local optimizations within each do-
main d, with @ > 0 balancing local objectives with global priorities.
Domain-specific rewards include riocain,s = Tpreselt + Tpreval: for
Network domain (pre-selection and pre-validation throughput),
Mocal.Lt = Icons, for Ledger domain (consensus throughput), and
NocalF.t = Tstatet + Torder,s fOr Storage domain (state and order ac-
cess throughput). Component 2 (f - ag, - AT;) rewards actions that
yield proportional improvements in overall system throughput,
where ay, is the action taken by domain d, AT, = T; — T;_; repre-
sents the throughput change, and > 0 weights the importance of
throughput enhancement. Component 3 (A . [|Ap; [I2) penalizes
parameter (Ap; = pr — p¢-1), with coefficient A . > 0 promoting
configuration stability. Component 4 (3 px max(0, gk (p;) — bx))
penalizes parameter violations, where gi (p;) represents the k-th pa-
rameter constraint function, by, is the corresponding threshold, and
Ji are Lagrangian multipliers enforcing operational safety bounds.

Component 4 is The Lagrangian constraints are generated through
a dual optimization process to handle inequality constraints within
the RL framework. Specifically, for each constraint gx (p;) < b (e.g.,
a parameter value within its artificially imposed range), a multiplier
ik is introduced. During training, these multipliers are updated via
dual ascent: if a constraint is violated (gx > by), px is increased
(e.g., ux «— pr + n(gx — bx) with step size n); if satisfied, y can
decrease. This iterative process tightens the constraints over time,
embedding them directly into the reward function to guide the pol-
icy toward feasible solutions without requiring explicit constraint
satisfaction at every step. By dynamically adjusting i, the frame-
work effectively balances optimization objectives with artificially
imposed parameter range limits, enhancing the overall robustness
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and applicability in resource-constrained blockchain environments.
State Transitions (P 4) are detailed in the Appendix.

3.4 Integration with DAG Blockchain:
Hierarchical Soft Actor-Critic

A.Model Training B.Information Collection
HCSAC Workload D
| Metrics 1. )
g
- A £
A g o a}'ieasurement E
actiof  Rovara| | E | g A
State g EE 5
= £= <
(] Replay . a»
Agent | {84 T, @y, Sert} N
i Database

%
.
[y
.

Initial configuration Single Node Agent Join Network

Figure 3: Training process of Alzo.

To solve the two-level MDP, we implement a Hierarchical Soft
Actor-Critic (H-SAC) framework. We chose SAC [16, 26] for its sam-
ple efficiency, stability, and robust exploration capabilities driven
by entropy maximization.

As illustrated in Figure 3, the training process operates as follows:
Initially, a baseline configuration is manually specified, with each
node in the network running an identical model. During training,
states are observed from a benchmark suite where Prometheus is
deployed to collect averaged metrics of CPU, memory, and band-
width load across nodes. After SAC generates actions based on these
observations, they are fed into the DAG blockchain environment
for execution. The model outputs parameter adjustments that are
uniformly applied to the configuration files of all nodes. The train-
ing leverages off-policy replay buffers to enhance sample efficiency.
Since SAC is an off-policy algorithm, it can learn from pre-collected
data sourced from historical blockchain scenarios, encompassing
varying transaction loads, network delays, and resource constraints.
This historical data is stored in replay buffers, enabling the agents
to learn from diverse past experiences and rapidly reach an opera-
tional state without requiring extensive real-time interaction with
the live blockchain environment.

Training occurs in a nested loop to reflect the hierarchy. The
Meta-Controller selects an action q; and maintains it for a fixed win-
dow of k low-level steps. During this window, the Controllers act at
each step, collecting experiences (state, action, reward, next_state)
in their respective replay buffers—augmented by the shadow loop
for constraint validation. At the end of the window, the aggregated
high-level reward Ry, ; is used to train the Meta-Controller, enabling
it to learn which strategic goals yield optimal long-term perfor-
mance. The Controllers are trained continuously using their own
experiences and the goal-conditioned reward function. This hierar-
chical structure effectively resolves credit assignment by attribut-
ing global performance changes to the Meta-Controller’s strategic
decisions and local improvements to the Controllers’ tactical ad-
justments.

Moreover, to guarantee that parameter adjustments do not ex-
ceed predefined ranges, we incorporate a shadow loop mechanism
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that acts as a safety layer during both training and inference. Be-
fore applying any proposed action (parameter update) from the
Controllers, the system simulates the adjustment in a lightweight
shadow environment—a virtual replica of the blockchain node that
mirrors current states but operates in isolation. If the simulated
outcome violates constraints (e.g., a parameter p; exceeds its valid
range [Pmin, Pmax]), the action is clipped to the nearest boundary
value to maintain safety. This shadow loop runs in parallel with the
main execution, ensuring real-time validation without introducing
latency to the primary blockchain processes. During training, expe-
riences from shadow simulations are selectively added to the replay
buffers to reinforce boundary-aware learning, further embedding
safety constraints into the policy optimization process.

4 Experiments

To evaluate the efficacy and adaptability of our proposed hierarchi-
cal reinforcement learning framework, Alzo, we conduct a series of
comprehensive experiments. This chapter details the experimental
setup, baselines for comparison, and an in-depth analysis of the
results.

4.1 Experimental Setup

We selected Conflux as our experimental platform, which has been
widely adopted in many research papers. We use conflux-rust [10]
for client- transaction generation and nodes for validation and con-
firmation.

4.1.1  Environment Setting and Workload Generation. Our experi-
mental setup consists of 32 physical machines, each equipped with
Intel Xeon Platinum CPU cores and 16 GB of RAM. Each physi-
cal machine independently runs a blockchain node. Each node is
equipped with a client node that issues transactions at a fixed rate.
The bandwidth of all network connections between nodes is set to
50 Mbps.

Dynamic Workload: To simulate real-world network fluctua-
tions, we employ a widely adopted transaction workload based on
the SmallBank [11] benchmark. The benchmark driver preloads the
blockchain with 10k users, each with two accounts. We set Nj,; of
them as hot accounts. When firing transactions, the client randomly
picks one of the five modifying transactions with probability P,, and
the read-only transactions with probability 1—P,,. Each transaction
has a certain probability to access the hot accounts, as controlled
by the Pj,; parameter. The client continuously fires Nyq,s trans-
actions every T;. milliseconds. To simulate computation-heavy
transactions, each transaction has a Teompure interval after it fetches
the required world states from the key-value store and before its
subsequent operation.To systematically evaluate performance un-
der varying conditions, we define four distinct workload scenarios
based on the SmallBank benchmark and real-world data:

e C1(Real-World Dataset): To capture authentic fluctuations,
this scenario replays a dataset of 800,000 real transactions
collected on Conflux. The workload directly reflects surveyed
real-world patterns, including irregular spikes and diverse
computation demands.

e C2 (Low Load, SmallBank-based): This scenario simulates
a low-intensity environment using the SmallBank bench-
mark with reduced transaction volume. We set N;,qns = 3000
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Figure 4: Throughput vs.Latency for Alzo and baseline methods on the Conflux platform.

transactions every Tf;r. = 1000 ms, P,, = 0.2 for a low write
probability, and Pp,; = 0.1 for minimal hot account con-
tention. Computation time is set to Teompute = 2 ms to rep-
resent lightweight transactions. This mimics underutilized
networks with sparse activity.

e C3(Balanced Load, SmallBank-based): A medium-intensity
workload via SmallBank, balancing read and write opera-
tions. Parameters include Nyqns = 2000 every Tf;re = 500
ms, P,, = 0.5 for equal read/write mix, Py, = 0.2 for mod-
erate contention, and Teompure = 20 ms. This represents
steady-state, everyday network loads.

e C4 (High Load, SmallBank-based): This high-intensity
scenario uses SmallBank to model resource-strained con-
ditions. We configure Nyyqns = 700 every Tp;re = 100 ms,
P,, = 0.7 for write-heavy operations, Py, = 0.5 for high
contention, and Teompuze = 100 ms to simulate computation-
heavy transactions. This emulates peak-hour or congested
network environments.

These conditions allow us to assess each method’s robustness across
controlled simulations (C2-C4) and realistic, dynamic scenarios
(C1).

4.1.2  Baselines for Comparison. We compare Alzo against three
baseline methods representing different tuning philosophies:

e Manual Tuning: We use static parameter configurations
set by human experts.

e DON: A classic reinforcement learning algorithm [20, 31, 44].
The DON agent learns to map the system state to an action
that adjusts a single parameter at a time. We discretize each
parameter into 7 bins, resulting in an action space of size
12 X 7 for 12 tunable parameters (each action selects one
parameter and one adjustment level). This baseline demon-
strates the challenges of dimensionality and credit assign-
ment that our hierarchical approach is designed to solve.

e Bayesian Optimization (BO): A powerful and sample-
efficient black-box optimization technique [9, 30, 38, 42].
BO builds a probabilistic model of the objective function and
uses an acquisition function to select the most promising
parameters to evaluate next. It represents a strong non-RL
baseline but is inherently less suited for real-time adaptation
in dynamic environments.

4.2 Performance Evaluation

We structure our evaluation around four key research questions
(RQs) to assess Alzo’s overall performance, adaptability, the effec-
tiveness of its hierarchical design, and its operational costs. We
designed four groups of experiments to answer the following ques-
tions:

RQ1: How does Alzo compare against baselines in simultane-
ously optimizing for throughput and latency?

RQ2: How effectively does Alzo adapt to dynamically changing
network loads compared to the baselines?

RQ3: How does the hierarchical structure of Alzo contribute to
its performance? Is the high-level strategic coordination necessary?

RQ4: How high are the operational costs and bottlenecks of
running Alzo?

4.2.1 Overall Performance Trade-off (RQ1). To address RQ1, we
evaluate each method’s ability to navigate the trade-off between
throughput and latency. We measure TPS, latency, and required
training time under four distinct workload conditions: C1, C2, C3,
and C4.

As illustrated in Figure 4, Alzo outperforms all baselines across
the evaluated conditions. The Manual configurations yield the low-
est performance due to their inherent uncertainties and lack of
optimization, resulting in static setups that fail to adapt to varying
workloads. Specifically, Alzo achieves 50.23%, 54.84%, and 122.60%
higher throughput compared to DQN, BO, and Manual, respec-
tively. Additionally, Alzo’s latency is 35.93%, 61.50%, and 71.82%
lower than that of DQN, BO, and Manual, respectively. The DQN
agent, hindered by its high-dimensional action space and inefficient
exploration, achieves only suboptimal balances and underperforms
BO in certain scenarios. Bayesian Optimization can identify sev-
eral effective configurations but is less efficient in exploring the
full trade-off space compared to Alzo’s goal-conditioned learning,
particularly failing to achieve low latency at high throughput levels.

Regarding training time, Alzo’s hierarchical design significantly
reduces convergence time compared to DQN. In contrast, BO re-
quires only approximately 400 minutes of empirical sampling to
train the optimizer effectively and obtain reasonable parameter con-
figurations. While manual tuning incurs no training overhead, its
lack of flexibility limits its applicability in dynamic environments.
Alzo’s superior performance arises from its hierarchical structure:
the Meta-Controller strategically sets high-level trade-offs, while
the domain-specific Controllers execute these strategies through
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fine-grained, coordinated adjustments in a reduced action space.
This approach enables more effective and stable optimization.

4.2.2  Adaptability to Dynamic Workloads (RQ2). To address RQ2,
we evaluate each method’s ability to adapt to fluctuating condi-
tions using the dynamic workload profile described in Section 4.1.1.
An ideal agent should dynamically respond to these changes to
minimize performance degradation.
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Figure 5: System performance under dynamic workload.

Figure 5 highlights Alzo’s key strength: superior adaptability.
During the ramp-up phase, Alzo rapidly adjusts to high loads, iden-
tifying and achieving optimal TPS levels with minimal disruption.
In contrast, Bayesian Optimization and DQN, which are slower
to learn and adapt, can maintain relatively good TPS under stable
conditions but exhibit inferior adaptation. The Manual tuning, with
its fixed parameter settings, fails to adapt to throughput variations,
resulting in suboptimal performance and inability to fully leverage
the system’s potential under dynamic workloads. Alzo’s hierar-
chical design enables this responsiveness, as the Meta-Controller
anticipates load shifts and guides the lower-level Controllers to
make proactive, coordinated adjustments, ensuring consistent per-
formance even in volatile environments.

4.2.3  Effectiveness of Hierarchical Control (RQ3). To address RQ3
and validate the core design principle of hierarchical coordination,
we conduct an ablation study focusing on the Meta-Controller’s role.
We compare the full Alzo agent against an ablated version, Alzo-
Flat, where the Meta-Controller is removed. In Alzo-Flat, a single
unified Controller directly manages all configuration parameters,
attempting to optimize a global reward signal without hierarchi-
cal coordination. To quantify the impact, we present TPS-latency
curves for both variants.

The results, presented in Figure 6, confirm the criticality of the
hierarchical design. Alzo achieves 27.74% higher throughput and
30.43% lower latency compared to Alzo-Flat. Without the Meta-
Controller’s guidance, the single Controller struggles to effectively
balance the complex interdependencies among multiple parameters,
such as simultaneously optimizing block size, parallelism strate-
gies, and resource allocation. This results in suboptimal decisions,
internal bottlenecks, and degraded overall performance. This abla-
tion study underscores how Alzo’s hierarchical structure enhances
coordination, efficiency, and adaptability in complex, dynamic en-
vironments.

Qiuyu Ding et al.
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Figure 6: Performance comparison between the full Alzo
agent and the ablated Alzo-Flat, showing TPS-latency curves.

4.2.4 Overhead of Learning (RQ4). To address RQ4, we evaluate
the computational overhead, focusing on runtime efficiency. While
superior performance is crucial, an effective auto-tuning frame-
work must also balance costs to ensure practicality in real-world
deployments. We analyze these overheads using data from the ex-
periments in Section 4.1.1, comparing Alzo performance across the
four workload conditions (C1-C4). Runtime speed refers to the
inference latency during operation, which we measure in dynamic
tests.

Table 2: CPU and Memory Resource Usage

Metrics C1 C2 C3 C4
CPU (ms) 14 13 14 16
Memory (MB) | 1182 1152 1183 1233

The experimental results, summarized in Table 2, demonstrate
that Alzo exhibits low inference overhead across various workloads,
maintaining low latency and acceptable memory consumption.

5 Conclusion

We present Alzo, a hierarchical reinforcement learning framework
for automatic parameter tuning in DAG-based blockchains. Alzo
uses a Meta-Controller for strategic planning and specialized Con-
trollers for fine-grained adjustments, with a safety-aware shadow
loop ensuring stability. Experiments show Alzo achieves 50.23%,
54.84% higher throughput and 35.93%, 61.50% lower latency com-
pared to DQN-based and BO-based method, while rapidly adapting
to dynamic workloads with low computational cost. Alzo repre-
sents a significant advancement in autonomous, adaptive, and safe
configuration for next-generation distributed ledger technologies.
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A Performance Calculation

For a given measurement window with k successfully confirmed
transactions, we use the average latency:

k
1
Latency,,, = T Z Latency;
i=1
Throughput is defined as the number of confirmed transactions per
unit of time, calculated between the first transaction’s submission
(Tfs) and the last transaction’s confirmation (Tj):

k
Throughput = ———
P Tie — Tfs

B SAC Algorithm

Algorithm 1 SAC Algorithm

Require: Hyperparameters: y, 7, az, @Q, Qa
1: Initialize networks: 7, Qg,, Qg,, Qtﬁ{’ Q¢£, temperature o

2: Initialize replay buffer O
3: repeat
4. Collect trajectory using 7y and store in D

5. Sample batch 8 = {(s,a,r,s")} from D

6:  Critic Update:

7: y =1+ y(min; Q¢}_ (s',a") —alogmp(a’ls’))

8: ¢; « argming, E(;q)-5[(Qg, (s, a) = y)*]

9:  Actor Update:

10: 0 « argming E. g[a log mp(dls) — min; Qg (s, d)]
11:  Temperature Update:

12: o « arg ming B.g[—a(log me(dls) + H)]

13:  Target Update:

14: ¢ — td; + (1-1)¢;

15: until convergence

We employ the Soft Actor-Critic (SAC) algorithm, an off-policy
method based on the maximum entropy reinforcement learning
framework. SAC maintains five neural networks: a policy network
g, two critic networks Qg, and Qy,, and their corresponding target
networks Qg and Qg; - During training, the agent collects trajec-
tories using the current policy and stores transitions in a replay
buffer D. At each iteration, we sample a mini-batch 8 and perform
three updates. First, the critic networks minimize the Bellman error:
Jo(¢)) = E[(Qg;(s;a) - y)*], where y = r + y(min; Qy/ (s',d") ~
alog mg(a’|s’)). Second, the policy network is updated to maxi-
mize E[min; Qy; (s, @) —a log 7 (dls)] using the reparameterization
trick. Third, the temperature parameter « is adjusted to maintain
the target entropy. Finally, target networks are soft-updated with

¢ — 1+ (1- 0.

Qiuyu Ding et al.
C Hyperparameter Configuration for Alzo

Table 3: Hyperparameter Configuration for Alzo

Category Parameter Value
50

Constant rkz 10
A 1.0

High-Level P!

Reward Arat 0-5
Asmooth 0.1

Low-Level « 0.4

Reward B 0.4
)';mooth 0.05
n 2.0

In our implementation, both the policy network and value net-
work are implemented as Multi-Layer Perceptrons (MLPs), each
consisting of two hidden layers with 256 neurons per layer. The
Rectified Linear Unit (ReLU) is employed as the activation function
for all hidden layers. The networks are optimized using the Adam
optimizer with a learning rate of 3 x 107%.

D State Transitions

For each domain controller d € {N, L, F}, the transition function
Pra(sids+1!81d.s ards ap:) captures how local parameter adjust-
ments and high-level strategic guidance jointly shape the next
state:

Stdr+1 = fa(Sidsard s ans Edt)s )

where f; denotes the domain-specific transition function im-
plemented by the blockchain transaction processing engine, a; 4,
represents the controller’s parameter adjustments, aj; contains the
Meta-Controller’s domain weight a4, influencing resource alloca-
tion, and &;, captures environmental randomness such as stochas-
tic transaction arrivals, network latency, and nondeterminism in
hardware resource load conditions.

Each controller exhibits unique transition characteristics: The
Network Controller’s state s; n ;+1 = [Buy,r+1, Qlen,¢+1, N,t+1] evolves
based on buffer size adjustments and random transaction arrival
patterns. The Ledger Controller’s state s;r ;41 = [Tip,s+1, AL 41,
Orate,t+1> Cusage,t+1] transitions through consensus parameter changes
and stochastic block propagation dynamics. The Full-Node Con-
troller’s state sy ;11 = [aF,r+1, Thn,r+1, Musage,r+1] changes via cache
adjustments and random state access patterns.
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