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Abstract
ingly deploy Graph Neural Networks (GNNs) to optimize

Modern blockchain sharding protocols increas-

state partitioning. However, executing these learning heuris-
tics across heterogeneous networks introduces two funda-
mental challenges. First, hardware-dependent floating-point
arithmetic evaluates inconsistently across disparate instruc-
tion set architectures. This inconsistency triggers arithmetic
state divergence and permanent consensus failures. Second,
existing methods enforce uniform load distribution across
shards. This ignores physical hardware disparities and forces
powerful nodes to idle while waiting for resource-constrained
validators, creating severe straggler bottlenecks. To address
these challenges, we propose AdaH-Chain, a determinis-
tic capacity-aware sharding framework. First, we design a
Cross-ISA Deterministic Execution Engine. It replaces unsafe
floating-point operations with a symmetric fixed-point quanti-
zation mechanism to mathematically guarantee bit-wise con-
sensus safety. Second, we introduce a Capacity-Aware GNN
Sharding algorithm. This mechanism maps extracted transac-
tion subgraphs proportionally to verified hardware throughput
limits, effectively eliminating the straggler effect. We evalu-
ate AdaH-Chain using real transaction traces containing one
million accounts from the Ethereum Mainnet. Experimental
results confirm that the fixed-point engine preserves 94.7%
of the original topological clustering accuracy while ensuring
a 0% consensus divergence rate. By structurally aligning
workloads with hardware capacities, AdaH-Chain delivers a
peak throughput of 4,800 TPS, achieving a 1.9 x gain over
state-of-the-art learning protocols.
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1 Introduction

To optimize state partitioning, modern blockchain sharding
protocols have evolved from simple randomized assignments
to intelligent learning heuristics. One mainstream approach
leverages Deep Reinforcement Learning (DRL) [1, 2] to dy-
namically allocate accounts across shards. However, because
these models evaluate macro-level workload queues rather
than deep structural dependencies, they often fail to preserve
graph locality, leading to high cross-shard communication
overhead. Another emerging paradigm utilizes Graph Neu-
ral Networks (GNNs) [3,
account dependencies and partition densely connected com-

] to capture high-dimensional

munities. Although this GNN strategy successfully minimizes
cross-shard transactions, deploying it across heterogeneous
validator networks introduces two fundamental challenges:
execution consistency and secure capacity profiling.

(1) The first challenge is ensuring absolute execution con-
sistency across heterogeneous runtimes. Mainstream smart
contract execution environments (e.g., the Ethereum Virtual
Machine) strictly prohibit native floating-point operations to
guarantee absolute determinism across the network [5, 6].
Developers must typically execute financial logic using high-
bit integer scaling to avoid execution ambiguity. However, the
emerging GNN-based sharding protocols attempt to deploy
complex learning heuristics into the consensus layer for topol-
ogy optimization. These models inherently depend on high-
dimensional tensor aggregations and non-linear activation
functions that are processed by hardware-level floating-point
units. Standard floating-point operations evaluate inconsis-
tently across disparate Instruction Set Architectures (e.g.,
x86 versus ARM) due to varying rounding rules and fused
multiply-add (FMA) execution orders [7]. In a decentralized
consensus environment, even a single-bit arithmetic deviation
in the sharding map calculation would lead to state root mis-
matches and catastrophic network splits [8]. Existing protocols
lack a deterministic mechanism to reconcile the continuous
nature of GNNs with the discrete, bit-perfect requirements of
blockchain consensus. The left part of Fig.1 illustrates how
this hardware-induced divergence causes consensus collapse.
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(2) The second challenge is accurately profiling hardware
constraints to prevent performance bottlenecks. Most proto-
cols [9, 10] incorrectly assume that all hardware is identical
and distribute accounts uniformly across shards. In mixed
clusters ranging from resource-constrained ARM devices to
high-end servers, this uniform workload inevitably triggers
the straggler effect [1 1, 12]. During state replication, power-
ful nodes complete tasks rapidly, only to idle while waiting
for slower validators. Solving this requires building physi-
cal hardware limits directly into the routing logic. However,
current mechanisms [, 9] lack capacity-aware capabilities.
Furthermore, in a trustless network, relying on self-reported
hardware metrics is insecure, as nodes may report fake capac-
ities to serve their own interests. Traditional CPU benchmarks
[13] also fail to reflect the severe storage I/O bottlenecks
during state execution [ 14]. Thus, objectively measuring and
verifying multi-dimensional capacities (CPU and I/O) be-
comes essential for optimal load distribution. The right part

of Fig.1 illustrates this profiling constraint.
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Fig.1 Fundamental challenges in heterogeneous sharding.

To resolve these conflicts, we propose AdaH-Chain (Adap-
tive Deterministic and Heterogeneous-aware Sharding), a
capacity-aware deterministic GNN sharding framework. It
enforces strict blockchain determinism across diverse phys-
ical hardware. The core contributions of this work directly
address the aforementioned vulnerabilities through a unified
architecture.

(1) We build a Cross-ISA Deterministic Execution En-
gine to directly address the consistency challenge. We replace
hardware-dependent floating-point operations with a symmet-
ric fixed-point quantization mechanism. This engine entirely
eliminates arithmetic divergence across mixed CPU-GPU
clusters. Evaluations show this Byzantine consistency incurs
minimal topological accuracy loss, preserving over 94.7%
of the continuous clustering precision and adding less than a
1.5% penalty to the final edge-cut ratio.
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(2) We design a Capacity-Aware GNN Sharding algorithm,
coupled with a secure capacity profiling mechanism, to resolve
the hardware bottleneck. AdaH-Chain discards the equal shard
size assumption and optimizes for capacity utilization. The
protocol strictly maps dense transaction subgraphs to verified
hardware throughput ceilings. By saturating the computational
limits of powerful nodes, the system effectively eliminates
the straggler effect and achieves throughput gains.

(3) We comprehensively evaluate the framework using
historical Ethereum transaction traces. Experimental results
indicate that AdaH-Chain maintains a Cross-Shard Trans-
action (CST) ratio of approximately 45%. The framework
delivers a 1.9 x throughput improvement over the randomized
sharding baseline. Experimental results validate that mapping
logical shards to physical hardware limits enables highly
effective performance scaling in heterogeneous environments
while strictly preserving consensus safety.

2 Preliminaries and Problem Formulation

In this section, we first introduce the background of learning-
driven blockchain sharding and its inherent determinism
issues. Then, we formally define the system model, threat
model, and the overarching problem statement. The frequently
used notations are summarized in Table 1.

2.1 Graph Representation and GNN-driven Sharding

To increase scalability, state sharding partitions the global
blockchain state into disjoint subgraphs, confining raw trans-
action processing to local shards. In this paper, we model
the blockchain state as a directed and weighted transaction
graph G = (A, E), where A represents the set of accounts
and E denotes the set of transactional interactions. For any
account u € A, its topological neighborhood is defined as
N(u) = {v € A|(u,v) € E}, with its interaction degree
denoted by deg(u) = [N (u)|.

Recent advancements leverage Graph Neural Networks
(GNNS5s) to compute the state routing map. A standard GNN
layer updates the feature vector hff ) of account u by aggre-
gating its neighbors’ features:

hg+1) _ U(w(l) ~AGG({h1(,l) tv € N(U)})) QY

where W) is the trainable weight matrix, AGG(") is the
aggregation function, and o(+) is the non-linear activation
function.

The Determinism Paradox: Evaluating Eq. (1) heav-
ily relies on hardware-accelerated floating-point arithmetic
(FPA). However, in a State Machine Replication (SMR) en-
vironment, microscopic floating-point deviations, stemming
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from different instruction set architectures (ISAs), evalu-
ate non-deterministically. Such hardware-induced arithmetic
ambiguity contradicts the strict determinism required by
blockchain consensus.

2.2 System Model and Threat Model

System Model: Our system models a heterogeneous permis-
sioned blockchain network operating in discrete, consecutive
time intervals called epochs. The network consists of two
primary roles: validators and leaders. Validators are respon-
sible for parallel subgraph processing and maintaining local
ledgers. The leaders are structurally divided into two tiers:
the global epoch leader, which computes the system-wide
capacity-aware sharding map at epoch boundaries, and lo-
cal shard leaders (e.g., PBFT primaries), which aggregate
intra-shard state updates.

Unlike traditional uniform models, we explicitly consider
hardware heterogeneity. Each validator node ¢ possesses a
epu

distinct capacity profile C; = (u;

I 3

i), which encapsulates
its verified computational throughput and storage I/O limits.

Threat Model: We assume a standard Byzantine fault-
tolerant (BFT) bound, where the number of malicious val-
idators f within any shard of size Ny is strictly constrained
by Ni > 3f + 1. Within this security threshold, we consider
two specific threats targeting heterogeneous sharding:

* Hardware-induced State Divergence: Honest nodes op-
erating on disparate ISAs (e.g., x86 vs. ARM) inevitably
produce microscopic floating-point deviations during
GNN inference. Byzantine nodes can exploit these arith-
metic inconsistencies to deliberately broadcast conflict-
ing state roots, thereby fracturing the consensus.

* Capacity Spoofing: Malicious nodes may perform ca-
pacity spoofing by falsely reporting their hardware ca-
pabilities (C;) to evade heavy workloads, save com-
puting resources, or maliciously induce the straggler
effect. We explicitly bound our security assumptions to
application-layer attacks. We assume the host operating
system kernel remains uncompromised and correctly
honors synchronous execution flags. Advanced attacks
involving malicious operating system level kernel modi-
fications, such as forcibly ignoring hardware 1/0O flags to
cache ephemeral data in RAM, fall outside the scope of
this protocol and require trusted execution environments
or hardware enclaves to mitigate.

2.3 Problem Statement

Based on the aforementioned models, the objective of this
work is to design a heterogeneity-native, deterministic shard-

ing framework. Given a transaction graph G and a mixed clus-
ter of hardware-profiled validators, the system aims to com-
pute an optimal disjoint routing map M : A — {1,..., K}
(where K is the number of shards) that simultaneously satis-
fies two rigorous constraints:

The
mapped transaction workload for each shard S}, must be

(1) Load-Capacity Alignment (Performance):

strictly proportional to its aggregated physical capac-
ity > ¢ s, Ci» thereby minimizing resource utilization
variance and eliminating the straggler effect.

(2) Cross-ISA Determinism (Safety): The execution engine
must guarantee that the calculation of M yields bit-
perfect identical results across all honest nodes regardless
of their underlying CPU/GPU architectures, completely
nullifying the threat of state divergence.

Table 1 summarizes the key mathematical notations applied
throughout this formulation.

Table 1 Summary of Notations

Symbol Description

V,S Set of validator nodes and set of shards

A E Set of accounts (nodes) and transactions (edges)
C; Verified processing capacity of node v;

g Transaction interaction graph

Z Unified Node Embedding Matrix (Z € Z41*%)
w(u) Interaction frequency weight of account u

M Global sharding map for current epoch ¢
Ly,Cap,, ~ Workload and verified capacity of shard S,

U, U Shard utilization and global average utilization

A Hyperparameter balancing load fairness and locality
€ Convergence threshold for rebalancing algorithm

3 The Proposed AdaH-Chain Framework

This section details the architecture and operational work-
flow of AdaH-Chain. As illustrated in Fig. 2, our framework
addresses the heterogeneity challenge through three inte-
grated layers: a secure capacity profiling layer, a deterministic
execution engine, and a capacity-aligned rebalancing layer.

3.1 Architecture Overview

The AdaH-Chain workflow is triggered at the epoch boundary
to reconfigure the state routing map. To safely and efficiently
deploy learning-based heuristics across heterogeneous net-
works, our framework executes a strictly ordered three-phase
pipeline. First, the Secure Capacity Discovery layer objec-
tively quantifies the physical processing limits of all validators
without trusting self-reported metrics. Second, the Determin-
istic GNN Execution Engine processes the transaction graph
to extract topological embeddings; crucially, it does so with-
out triggering arithmetic divergence across disparate ISAs.
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Fig.2 The Architectural Workflow of AdaH-Chain. The Secure Capacity Discovery layer (Bottom) establishes a verified Capacity Vector
C via PoB puzzles. The Cross-ISA Deterministic Execution Engine (Top) transforms raw transactions into consistent Node Embeddings Z
through a quantization mechanism. These paths converge at the Capacity-Aware Sharding Layer (Right), where the rebalancing algorithm
partitions the network into heterogeneous shards with balanced resource utilization.

Finally, the Capacity-Aware Rebalancing layer strictly aligns
the extracted high-density transaction subgraphs with the ver-
ified hardware capacities. This pipeline ensures that workload
distribution effectively eliminates the straggler effect while
maintaining bit-perfect consensus safety.

3.2 Secure Capacity Discovery

To reliably quantify the processing power of untrustworthy
nodes, we implement a cryptographic Proof-of-Benchmark
(PoB) mechanism. This layer continuously profiles the mixed
validator network by executing state-dependent storage reads
combined with pseudo-random computational puzzles. By
evaluating the execution latency within a standardized We-
bAssembly (Wasm) sandbox, the protocol generates a verifi-
able capacity vector C.

This vector quantifies physical hardware limits, including
I/O throughput and computational density, without expos-
ing proprietary hardware details. The use of cryptographic
commitments ensures that nodes cannot forge their capacity
scores to manipulate workload assignment or save computing
resources, thus providing a secure foundation for subsequent
load balancing.

3.3 Deterministic GNN Execution Engine

Operating in parallel with hardware profiling, this engine
executes a Graph Neural Network to extract logical routing
topologies. The core challenge lies in the non-deterministic
nature of the high-dimensional floating-point arithmetic inher-
ent in standard GNN aggregations across different instruction
sets (e.g., x86 AVX versus ARM NEON).
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To enforce consensus safety without discarding the pow-
erful topology extraction capabilities of GNNs, we strictly
prohibit the use of hardware-native floating-point instructions.
Instead, before graph aggregation, the engine passes incoming
continuous interaction features through a symmetric quantiza-
tion filter, mapping them into a discrete 32-bit integer domain
(INT32). A purely integer-based (fixed-point) GNN inference
phase then generates a Unified Node Embedding Matrix Z.
By confining all neural network calculations to deterministic
integer arithmetic, we guarantee that all validators arrive at
a bit-perfect identical topological state, regardless of their

underlying hardware architecture.

3.4 Capacity-Aware GNN Sharding

The final layer utilizes the verified capacity profile C and the
deterministic embeddings Z to execute the capacity-aware
rebalancing algorithm. Instead of enforcing the traditional
equal shard size assumption, the protocol directs high-density
transaction subgraphs, identified by the GNN embeddings, to
high-capacity hardware nodes.

This mechanism minimizes the variance of resource uti-
lization across the mixed cluster. By structurally aligning the
computational intensity of transaction clusters with the physi-
cal throughput ceilings of the respective shards, AdaH-Chain
prevents powerful nodes from idling while waiting for legacy
validators. The resulting routing map M optimizes both intra-
shard locality and global throughput, effectively preventing
performance bottlenecks in heterogeneous environments.
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4 Algorithmic Implementation and Mecha-
nisms

Building upon the architectural overview, this section formally
details the algorithmic execution of AdaH-Chain. We formu-
late the secure capacity discovery, the cross-ISA deterministic
engine, and the capacity-aware sharding protocol.

To illustrate the operational mechanics throughout this sec-
tion, we adopt a running scenario: consider a dense transaction
subgraph G, containing thousands of interacting accounts
within a heterogeneous financial network. The network state
is partitioned into multiple consensus shards S, € S. We
evaluate two distinct validators: a high-performance node v,
(equipped with hardware accelerators and NVMe SSDs) and a
commodity baseline validator vs (representing the minimum
required performance) to derive their respective capacity
scores C7 and Cs.

4.1 Secure Capacity Discovery Implementation

As defined in our system model, each validator v; possesses
a multidimensional hardware profile C; = (u:", ui°). To
utilize this profile for sharding without trusting self-reported
metrics, AdaH-Chain employs a State-Dependent Hybrid
Proof-of-Benchmark (SD-PoB). This protocol simultaneously
evaluates instruction-set throughput and bidirectional storage
I/O limits (both disk read retrieval and disk write persistence),
collapsing these dimensions into a single, verifiable integer
metric C; € Nt

4.1.1 State-Dependent Puzzle Generation

To accurately quantify a node’s true transaction processing
capability, the SD-PoB forces the validator to resolve a strictly
ordered cryptographic puzzle. Upon the transition to epoch
t, the protocol derives a pseudo-random seed o; from the
preceding block header H;_ [15]:

oy = Hash256(H;_; || EpochID,) 2)

This seed o initializes a sequence of D, hybrid execution
steps. For each step k € [1, D,,,.], the node must first retrieve
historical state data Data;, from its local ledger database.
This operation explicitly benchmarks the disk read bandwidth
(1;%):

Data;, = StateRead(StateRoot;_1, Pathy (o)) 3)

where Pathy(0;) = Hash(oy || k) serves as a deterministic
key derivation function. Consequently, the disk retrieval
sequence is unpredictable to the validator but universally
verifiable.

In parallel with the I/O task, the node executes a CPU-
bound matrix multiplication My x Ny to benchmark its

computational throughput (u;”"

. ). Both matrices are deter-

ministically generated using o;. To mathematically bind the
CPU and I/O tasks, the protocol hashes both outputs into
256-bit scalars and fuses them using a bitwise XOR operator
(®):

Rj, = Hash256(M}, x Nj) @ Hash256(Data;,) (4)

This XOR fusion acts as a strict cryptographic lock; a validator
must complete both the compute and the retrieval tasks to
derive the correct 256-bit intermediate state Ry,.

In blockchain environments, state persistence (disk writes)
often constitutes a more severe bottleneck than read opera-
tions. To benchmark the write capacity without polluting the
globally finalized ledger, the protocol mandates the node to
persist [, into a local ephemeral sandbox (EphemeralDB,)
via synchronous I/O. This returns a boolean acknowledgment
WriteAcky, € {0,1}:

WriteAcky, = StateWrite(EphemeralDB,, Pathy (o), Ry,)
)

If WriteAck;, = 0, the intermediate result R}, is nullified.
Finally, instead of simple addition, the protocol aggregates
all valid intermediate states into a cumulative 256-bit crypto-
graphic proof R,

Ripa = Hash256 (|[,71 (R, - WriteAcky) ) (6)

where || denotes byte concatenation. The actual hardware
capacity of the validator is objectively measured by the
total temporal latency incurred while resolving this entire
dependency chain.

4.1.2 Standardized Execution and Capacity Calculation

To prevent algorithmic biases from highly optimized pro-
prietary libraries (e.g., hardware-specific math routines),
AdaH-Chain mandates that the entire SD-PoB executes within
a standardized WebAssembly (Wasm) Sandbox [16]. Both
state retrieval and persistence must use synchronous direct
I/0O flags (e.g., 0_.DIRECT) to explicitly bypass kernel page
caching [17].

Upon resolving the puzzle, each validator v; broadcasts a
cryptographic commitment:

Commit; = Sign,;, (Hash256(Rgal || vi || 1))  (7)

This signature binds the execution proof to the validator’s

identity. The network records the total execution latency #eyec s

taken by validator v; to generate this valid commitment. To

map this temporal metric into a discrete weight for sharding,

the network computes the final capacity score C; using an
inversely proportional function:

ci{ ”J 8)

texec N
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To ensure mathematical stability, the global scaling con-
stant x is anchored to the minimum hardware configuration
permitted in the network. Let #y,s. denote the benchmarked
execution latency of this baseline node, and Ci,se repre-
sent a configurable minimum integer score. The scaling
constant is formally defined as kK = tpyge X Chase- TO accom-
modate dynamic network churn and the potential departure
of minimum-tier validators, the global scaling constant x is
dynamically recalibrated at the genesis of each epoch. The
protocol queries the active validator set to identify the current
lowest-performing node, updating tp,s to ensure the ongo-
ing validity of the integer mapping bounds. This guarantees
that all compliant nodes (fexec,i < thase) accurately map to a
distinct integer capacity C; = Chase.-

Example 1 We illustrate the SD-PoB calculation process
using the high-performance node v, and the commodity
baseline node vs.

First, the system initializes the scaling constant k. Suppose
the commodity node vs requires tp,e = 2.0 seconds to com-
plete the entire hybrid puzzle (including matrix multiplication,
Wasm overhead, and synchronous disk I/0). Given a baseline
capacity hyperparameter Chuse = 25, the scaling constant
evaluates to k = 2.0 x 25 = 50.

Next, the high-performance node v, executes the identical
cryptographic puzzle. Benefiting from superior CPU clock
speeds and NVMe SSD bandwidth, vy resolves the operations
and broadcasts its valid commitment in a total latency of
texee,i = 0.5 seconds.

Following Equation 8, the network computes their dis-
crete capacities. For the baseline node vs, the score eval-
uates to C3 = |50/2.0] = 25. For vy, the score is
Cy = |50/0.5] = 100. This mapping mathematically trans-
lates the verified temporal latency into an objective 4X re-
source weight difference, entirely circumventing the need for
trust.

4.2 Cross-ISA Deterministic Execution Engine

Before the capacity-aware sharding layer can balance work-
loads, it requires a deep structural understanding of the
network topology. This is achieved through Graph Neural
Network (GNN) inference, which outputs node embeddings.
These embeddings mathematically encode dense interaction
patterns into low-dimensional vectors, providing the precise
numerical coordinates needed by the subsequent algorithm
to cluster heavily communicating accounts into the same
physical shard.

However, conventional GNN models depend heavily on
hardware-accelerated floating-point arithmetic (FPA), which

(&) 4 4% ww | Sci@pen
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inherently conflicts with the bit-perfect determinism required
by state machine replication. To resolve this, we introduce
the Cross-ISA Deterministic Execution Engine. This layer
entirely replaces continuous FPA with purely integer-based
arithmetic, explicitly isolating the logical topology extraction
from underlying hardware arithmetic variations.

4.2.1 Graph Topology Construction

AdaH-Chain models the global transaction state as a directed
weighted graph G = (A, E). In real-world decentralized
networks (e.g., Ethereum), interaction frequencies exhibit
a severe heavy-tailed distribution; interactions with DeFi
routers can reach tens of millions, while regular accounts
have few. Passing raw, unbounded transaction counts into
a GNN causes gradient instability and heavily skews the
message-passing mechanism.

Traditional data science resolves this using logarithmic
functions (e.g., In(x)). However, computing logarithms re-
quires non-deterministic floating-point math libraries (e.g.,
libm). To achieve hardware-agnostic compression, the pro-
tocol evaluates the directed edge weight w,,; using a native
integer bit-length operator:

wy; = BitLen(1 + Count,, ;) ®)

where Count,_,; denotes the historical interactions from
source u € A to destination j € A. The BitLen(x) operator
derives the position of the most significant bit (MSB), es-
sentially functioning as an integer approximation of log, ().
This operator executes as a single-cycle deterministic integer
instruction across all ISAs (e.g., BSR in x86, CLZ in ARM).
This explicitly compresses the heavy-tailed transaction count
into a compact discrete integer (w,; € N), ensuring the
graph topology is intrinsically float-free. While logarithmic
binning inherently drops microscopic frequency variance,
this precision loss is a controlled engineering trade-off that
does not degrade macro-level partitioning. Preserving the
exact numerical difference between 1,000,000 and 1,000,050
interactions provides no topological utility for community
detection. The BitLen operator successfully retains the magni-
tude difference separating central hub contracts from regular
accounts, providing sufficient structural resolution for the
algorithm. The topology is persisted using the Compressed
Sparse Row (CSR) format [18].

4.2.2 Symmetric Quantization Mechanism and Fixed-

Point GNN Inference

To execute the GNN, the system must perform Multiply-
Accumulate (MAC) operations involving both the integer
edge weights and the node features. If node features remain
as floating-point tensors, the entire computation is tainted by
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cross-ISA rounding deviations (e.g., varying fused multiply-
add execution orders between CPU and GPU architectures).
To eliminate this state divergence hazard, we propose a
Symmetric Quantization Filter that maps continuous node
features strictly into the 32-bit signed integer (INT32) domain
prior to any GNN aggregation.

The filter first establishes a robust feature boundary using
the Interquartile Range (IQR) [19]. Let Pyg.9 and Q3 denote
the 99.9th percentile and the 75th percentile of the absolute
node feature values | X;_1| from the preceding epoch. We
define a safe maximum threshold 0,47, to filter extreme
anomalies:

Osafe = min(Pog.g, @3 + 1.5 x IQR)

The selection of these specific statistical boundaries is math-

(10)

ematically grounded in the scale-free nature of decentralized
networks. Relying exclusively on Pyg g exposes the mapping
scale to distortion by a single extreme outlier, whereas rely-
ing solely on the IQR risks aggressively clipping the latent
features of highly connected core accounts. By adopting the
minimum of these two bounds, the system guarantees that
the feature representations of critical network hubs remain
intact while preventing isolated anomalies from compressing
the effective resolution of the entire quantization grid. To
guarantee that all heterogeneous validators apply the exact
same quantization logic, the epoch leader deterministically
computes the global scaling factor a; and embeds it within
the block header:
23t —1

o = Brage 0 (11)
where 23! — 1 is the physical INT32 upper bound, and j3
prevents division by zero. All validators then project the
continuous feature matrix X; into the integer domain using
the uniform quantization function Q(X;):

Xint = Q(Xy) = clip ([ Xy - ], —2°1,2%1 = 1) (12)

where | -] denotes nearest-integer rounding, and clip(-) strictly
enforces the INT32 physical memory boundaries.

Algorithm 1 details the deterministic generation proce-
dure of the Unified Node Embedding Matrix Z € Z!41*4,
leveraging the quantized integers to completely eliminate
floating-point states during GNN message passing.

As depicted in Algorithm 1, to prevent non-determinism
caused by OS-level thread scheduling and unordered hash-map
iterators, we process each account w in strict ascending order
of its ID (Line 2). This guarantees an identical mathematical
execution trace across all nodes.

Crucially, the algorithm maps cleanly to hardware registers.
The maximum quantized feature is bounded by 23! — 1. The

Algorithm 1 Deterministic Fixed-Point GNN For-
ward Pass
Input: Continuous Node Features X, Adjacency Matrix

Adyj, Global Scaling Factor o
Output: Integer Embeddings Z € Z!41x4
1 Xine + Q(Xy) // Map to INT32 using Eq. 12
2: for each account u € A in strict ascending order of ID

do

3 Acc < 0% // Initialize 64-bit integer accumulator

4 N(u) < GetNeighbors(u, Adj)

5. if [M(u)| > Nyao then

6: N (u) <= Top_Nipaz (N (u), sorted by wy,;)

7. end if

8:  for each neighbor j € A (u) do

9: Wedge S Wy

10: Acc <+ Acc + (Xint]j] X Wedge) // Native 64-bit
MAC

11:  end for

12:  SHIFT « BitLen(max(|N (u)|) - [a¢])

13:  Z[u] + clip(Acc > SHIFT, —231 231 — 1) /

Downcast to INT32
14: end for
15: return Z

discrete edge weight w,,;, even for a massive smart contract
with 1 billion interactions, evaluates to BitLen(10°) a2 30.
Thus, a single integer multiplication (X;,; X Weq4e) peaks
at =~ 6.4 x 10!, perfectly avoiding overflow in a standard
64-bit CPU accumulator (Acc). To constrain the data width
for subsequent neural network layers, the 64-bit sum is deter-
ministically bit-shifted (>>) and clamped back into the 32-bit
INT32 domain (Lines 12-13).

Example 2 We trace a single logical edge (a1, as) to demon-
strate how the execution engine physically prevents consen-
sus collapse. Suppose the network analyzes the preceding
epoch and derives a robust boundary 0s,5. = 150325.0.
According to Eq. 11, the global scaling factor is evaluated as
ap = (231 — 1)/150325.0 ~ 14285.54.

Due to architectural differences in floating-point FMA
units, the continuous raw feature is evaluated microscopically
differently across the network: it yields 0.85320001 on an
x86 validator, but 0.85319999 on an ARM validator. If used
directly, this 0.00000002 deviation would irreversibly fork
the ledger state root.

However, before entering the GNN, the quantization filter

Q(-) rigorously maps these floats into the discrete domain.
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For the x86 node:
Xint,zs6 = clip(|0.85320001 x 14285.54])
= [12188.423] = 12188
Simultaneously, for the ARM node:
Xint,arnm = clip(|0.85319999 x 14285.541)
= |12188.422] = 12188

The symmetric quantization filter absorbs the hardware-
induced arithmetic noise. Consequently, an identical integer
feature (12188) is passed into the graph aggregator, mathe-

matically guaranteeing absolute bit-level consensus across
all ISAs.

4.3 Capacity-Aware GNN Sharding

With the deterministic embeddings Z generated in the pre-
vious layer, accounts with dense interactions are mapped to
similar numerical coordinates. The final layer of AdaH-Chain
leverages these coordinates to partition the global state. Our
objective is to balance the transaction workload proportionally
to the physical hardware capacity of each shard, while keeping
tightly connected accounts together to minimize cross-shard
transactions.

4.3.1 Sharding Objective Formulation

We formalize this goal through a dual-objective optimization
function:

K — 2
. B 1 U,-U
IrjelIlJ)\'KkEﬂ( i >

Capacity Utilization Variance

+(1-A)- |—]§| S I(M(u) £ M)

(u,j)eE

13)

Edge-Cut Ratio

In Equation 13, M : A — {1,..., K} represents the
global sharding map. The parameter A € [0, 1] is a system
hyperparameter that explicitly balances workload fairness
against cross-shard communication overhead. The second
term penalizes the edge-cut ratio: the indicator function I(-)
evaluates to 1 if an edge spans across two disparate shards
(constituting a cross-shard transaction), and O otherwise.

To evaluate the capacity utilization defined in the first term,
we formalize the metrics of transaction workload and physical
capacity. We define the integer workload w(u) of an account u
as its total transaction count. Thus, the total assigned workload
for shard k is Ly = 3_ ()= w(u). Using the verified
hardware profile derived in Section 4.1, the total processing
viey, Ci- The utilization
rate of shard k is explicitly defined as U, = Lj/Capy,.

capacity of shard k is Capy, =

2 g
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Minimizing this variance directly requires continuous
floating-point differentiation, which is prohibited in BFT
environments. To preserve strict consensus safety, AdaH-
Chain translates this continuous variance problem into a
deterministic integer-target matching procedure.

4.3.2 Deterministic Rebalancing Algorithm

Algorithm 2 presents a deterministic heuristic to compute the
optimized sharding map using strictly integer operations.

Algorithm 2 Capacity-Aware Integer Rebalancing
Strategy

Input: Embeddings Z, Shard Capacities {Capy, } 1<,
Account Workloads {w(u) }yeca
Output: Deterministic Sharding Map M
1: M < EpochLeader_Propose_KMeans(Z, K)
2: Compute totals Wiotar, Ctotal, and initialize shard

workloads L,
for k =1to K do
Targety < [(Wiotar - Cap)/Ciotar ]
end for
fort =1to T do
Sgre + argmaxy (L — Targety);

NIRRT 45

Sast < argming (L — Targety,)

8:  if (Lgre — Targetsy.) — (Last — Targetys:) < €
then break

9: B+ GetBoundaryNodes(Ssy¢, Sqst)

10:  if B = () then Sy + FallbackReroute(Syst);
continue

11:  for u € SortAscending(B, w) subject to
Lyst + w(u) < Targetgys do

12: M{u] < Sgst; Last < Last +w(u);
Lgre < Lgre — w(u)

13:  end for

14: end for

15: return M

The process relies on the “Compute Off-chain, Verify On-
chain” paradigm. In the initialization phase (Line 1), the
current Epoch Leader locally computes a baseline map M
by applying K-Means clustering to the embeddings Z. Since
K-Means involves non-deterministic floating-point centroids,
other validators do not re-execute it. Instead, they receive
the leader’s map M and deterministically verify its validity
using integer accumulation. If the initial edge-cut penalty
computed by the validators exceeds a predefined system
tolerance threshold 7, the proposal is rejected, triggering a
PBFT View-Change to replace the leader.
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Once verified, the protocol computes a strict integer work-
load target T'argety, for each shard (Lines 3-4). We use scaled
division combined with a ceiling operator ([-]). This opera-
tor guarantees that »_ Targety > Wiota, ensuring that all
transaction workloads can be fully allocated without leaving
“orphan accounts” due to integer truncation.

Within the migration loop (Lines 6-14), the algorithm
dynamically identifies the most overloaded shard S, and the
most underloaded shard Ss;. It then extracts the topological
boundary set 3, which consists of accounts located in .S, that
possess direct transaction edges to S4s¢. The loop terminates
based on a dynamic convergence threshold e. Rather than
applying a static scalar that could risk premature halting, € is
mathematically initialized as max(wqyg, 0.05 X Targetqs;),
where w44 is the average transaction weight of the accounts
in 3. During our empirical simulations, this threshold consis-
tently converged near 150 transactions, ensuring the execution
safely terminates once the remaining load variance aligns
with the natural discrete granularity of the account weights.
Migrating these specific accounts relieves the overloaded
shard without creating new cross-shard overhead. To fur-
ther optimize the edge-cut ratio, accounts in 3 are sorted
and migrated in ascending order of their weights until the
underloaded shard hits its capacity ceiling (T'argetgst)-

Example 3 To demonstrate the rebalancing logic, suppose
the network contains a high-performance Shard S, (Hardware
Score Capy = 400) and a resource-constrained Shard Ss
(Hardware Score Caps = 100). The total physical capacity
is Ciotar = 500.

Assume the total transaction workload to be processed
is Wiotar = 600 transactions. The initial clustering assigns
Ly = 300 and L3 = 300 transactions. The utilization rates
are heavily skewed: Uy = 300/400 = 0.75, while Uz =
300/100 = 3.0 (severely overloaded).

Instead of computing floating-point variances, the protocol
calculates proportional integer transaction targets: Sy should
handle Target; = [600 x 400/500] = 480 transactions,
and T'argets = 120 transactions.

During migration, the algorithm extracts the boundary
set B between the overloaded S3 and the underloaded S .
Suppose B contains a lightweight account as (w(as) = 150
txs) and a heavy account a4 (w(ay) = 250 txs). Algorithm
2 prioritizes as. Since moving ag satisfies the strict capacity
ceiling of S1 (L1 + 150 = 450 < 480), the migration safely
executes. Post-migration, the workloads shift to L1 = 450
and L3 = 150, resulting in optimized and nearly identical
utilization rates (Uy = 1.125, Us = 1.5). This effectively
eliminates the straggler effect using pure integer logic.

4.4 System Optimization and Complexity

To prove the practical feasibility of AdaH-Chain in high-
throughput environments, this section introduces two system-
level engineering optimizations: parallel graph inference
and asynchronous state synchronization. It concludes with a
rigorous theoretical complexity analysis.

4.4.1 Parallelized Graph Inference

In Algorithm 1, the embedding computation for different
accounts is strictly independent. We exploit this data-level
parallelism by dispatching disjoint subsets of accounts to a
multi-core thread pool. Because financial transaction graphs
inherently exhibit power-law degree distributions, uniformly
dispatching accounts inevitably creates severe synchronization
bottlenecks. To structurally balance the intra-node workload
prior to the global synchronization barrier, the multi-core
thread pool utilizes dynamic work-stealing. Accounts are
sorted sequentially by their topological degree and partitioned
into discrete processing blocks. Idle physical CPU cores
dynamically fetch unprocessed blocks from the shared queue,
mathematically guaranteeing that processing threads handling
dense subgraphs remain load-balanced against those assigned
to sparse regions. This shared-memory parallelization reduces
the dominant GNN inference time complexity from O(| E|-d)
to O(|E| - d/P + log P), where P is the number of physical
CPU cores and d is the embedding dimension.

4.4.2 Asynchronous State Synchronization

Computing a new sharding topology for millions of accounts
takes several seconds. To prevent consensus stalling, this
computation is decoupled from the critical path and executed
as a background process.

Furthermore, migrating accounts across shards involves
heavy state transfers. To avoid halting the network, we imple-
ment Background State Prefetching. The target shards prefetch
the historical state of migrating accounts asynchronously, §
blocks prior to the epoch boundary. During this narrow mi-
gration window, the migrating accounts are placed under a
temporary Read-Only Lock. Any incoming write transactions
targeting them are temporarily buffered in the target shard’s
mempool. At the epoch boundary, the locks are released, and
the buffered transactions are executed sequentially.

This design guarantees linearizability without sacrificing
liveness. For example, assuming a worst-case 15-second com-
putation window at a peak throughput of 4,800 TPS, the net-
work generates 72,000 intermediate transactions. Given that
a standard Ethereum transaction payload consumes approxi-
mately 250 bytes, buffering these transactions imposes a peak
memory footprint of roughly 18 MB. This nominal allocation
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is comfortably absorbed by local RAM. To fundamentally pre-
vent Out-of-Memory (OOM) failures on resource-constrained
validators during extreme network anomalies, the mempool
implements deterministic disk-spilling. If the buffered queue
surpasses a predefined 50 MB hardware safety threshold,
the system asynchronously flushes the overflow payload to
local NVMe storage, ensuring uninterrupted liveness. The
corresponding state trie updates typically compress to less
than 15 MB. Transmitting this delta state across a standard
1 Gbps intra-cluster network requires only ~ 150 ms, which
comfortably fits within a standard 500 ms PBFT block interval
without triggering timeout views.

4.4.3 Complexity and Overhead Analysis

The system overhead is strictly bounded by its two heaviest
operations. Using the CSR format restricts the spatial and
temporal complexity of the fixed-point GNN inference to
O(|E| - d). The capacity rebalancing phase relies exclusively
on integer sorting of boundary nodes, which operates at
O(|A|log |A]) in the worst case.

Our empirical benchmarks on a standard 8-core commer-
cial CPU confirm that a full topological reconfiguration for
one million accounts completes in approximately 13.4 sec-
onds. Within a standard 24-hour epoch (86, 400 seconds), this
reconfiguration represents a negligible 0.015% temporal over-
head. This confirms that AdaH-Chain is structurally viable
for large-scale, high-throughput production environments.

5 Theoretical Analysis

This section formally analyzes the safety, convergence, and
security properties of the AdaH-Chain framework, demon-
strating how the system-level mechanisms established in
Section 4 mathematically guarantee deterministic consensus
and fault tolerance.

5.1 Consensus Safety Analysis

In sharded ledgers, all honest validators within a consensus
group must maintain an identical state machine. Hardware-
induced arithmetic divergence breaks this fundamental re-
quirement. For instance, if a heterogeneous shard consists of
CPU and GPU nodes, native floating-point rounding dispari-
ties will yield conflicting state roots, triggering a permanent
PBFT liveness deadlock.

Definition 1: (Cross-ISA Consistency). A sharding execu-
tion protocol is consistent if and only if, given an identical
input state S, the computation yields an identical output
topology map M across all heterogeneous hardware profiles
H:Vhi, hj € H,Execp,(S) = Execp, (S).
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Theorem 1: (Cross-ISA Consistency in GNN Inference).
The fixed-point execution engine mathematically guarantees
Cross-ISA Consistency.

Proof: The consistency is established through three ex-
plicit hardware-agnostic constraints. First, the quantization
mapping (Equation 12) coerces all continuous inputs into
the discrete INT32 domain, completely eliminating floating-
point operands from the feature space. Second, the algorithm
enforces a single-threaded logical execution sequence by
sorting the neighbor lists by Account IDs (Algorithm 1),
ensuring that the memory access and accumulation trace
is unique regardless of OS-level thread scheduling. Finally,
during message passing, the integer Multiply-Accumulate
operations are strictly bounded within 64-bit accumulators
without triggering physical register overflow. Because INT64
addition and multiplication are strictly deterministic across
all modern ISAs, processing any graph G yields a bit-perfect
identical embedding matrix Z. O

5.2 Rebalancing Convergence Analysis

To guarantee global liveness, the dynamic topology reconfig-
uration phase must execute deterministically and terminate
within a bounded temporal window.

Theorem 2: (Convergence Bound). The integer rebalancing
strategy mathematically terminates in finite steps, bounded
by O ( Po

Wmin

), where @ is the initial absolute load error and
Wnin 1S the minimum account interaction weight.

Proof: Let & = Zszl |Lx — Targety| denote the total
absolute load error of the system. In each migration iteration,
the protocol selects an account u with weight w(u) and
moves it from an overloaded shard S,,.. (where Lg.. >
Targets,.) to an underloaded shard Sys; (Where Lgg; <
Targetyst). The algorithm explicitly enforces the destination
capacity ceiling: Lgs; + w(u) < Targetqs:. Consequently,
this specific migration strictly reduces the absolute error of
Sast by exactly w(u). Concurrently, the migration reduces
the load of S,,.. Even if S,,.. transitions from an overloaded
to an underloaded state during this single step, the aggregate
system error ® is mathematically guaranteed to decrease by at
least w(u). Given that the discrete transaction count dictates
Wmin = 1, the total error ® decreases monotonically by a
positive integer bound in each valid iteration. Since the initial
error @ is finite, the algorithm must terminate in O —22—)

Wmin

steps, effectively avoiding infinite loops. ([

5.3 Security of Capacity Discovery

Theorem 3: (Resistance to Capacity Spoofing). Assuming
the cryptographic hash function is collision-resistant, a mali-
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cious node with physical capacity C,..,; cannot forge a valid
execution proof for a claimed capacity Ceigimed > Creal-
Proof: The SD-PoB puzzle generation strictly couples
CPU computation and disk I/O. The bitwise XOR fusion
operator (R, = Hash256(M,, x Nj) @ Hash256(Datay,))
acts as a cryptographic lock, ensuring that deriving the correct
intermediate state requires the precise execution of both
hardware domains. A Byzantine node cannot bypass the I/O
state retrieval, because missing historical data completely
alters the final cumulative hash Rpg,,. Since the initial seed o
is unpredictable, pre-computation is structurally impossible.
Thus, the elapsed latency ¢ serves as a mathematically
unforgeable lower bound of the node’s true throughput. [
System Remark: (Mitigating Bait-and-Switch Attacks).
While Theorem 3 prevents algorithmic forgery, a commodity
node might temporarily rent high-performance cloud instances
during the SD-PoB window to fraudulently secure a high
capacity score. To neutralize this attack, AdaH-Chain couples
the profiling with runtime slashing. To explicitly differentiate
deliberate capacity spoofing from benign transient network
congestion or temporary hardware throttling, the protocol
relies on historical latency variance. The network evaluates
node performance over a sliding window spanning multi-
ple consecutive consensus rounds. A slashing condition is
triggered exclusively when a validator’s latency consistently
deviates from its claimed tier limits beyond a statistically
calculated jitter tolerance boundary. This statistical isolation
ensures that honest nodes remain unaffected by uncontrollable
network noise, while sustained malicious outsourcing receives
permanent capacity downgrades and economic penalties.

5.4 Fault Tolerance against Malicious Leaders

Beyond standard intra-shard PBFT failures, the architecture
must secure the network against Byzantine Epoch Leaders
during the topology reconfiguration phase.

A malicious leader could execute a Topology Degradation
Attack by proposing a valid sharding map M that satisfies
all integer capacity constraints but deliberately maps tightly
coupled accounts into disjoint shards. This adversarial behav-
ior aims to artificially inflate the cross-shard communication
overhead and paralyze the network throughput.

To neutralize this threat, the framework enforces an On-
chain Validity Bound. Because the verification paradigm
ensures all validators independently possess the deterministic
embeddings Z and the proposed map M, every validator
locally evaluates the dual-objective function (Equation 13).
If the resultant edge-cut ratio exceeds a predefined system
tolerance threshold 7, the validators deterministically reject

the proposal. This initiates a PBFT View-Change to replace the
Byzantine leader, ensuring that the structural reconfiguration
strictly optimizes the global system performance.

6 Evaluation
6.1 Experimental Setup

We conduct experiments to evaluate the performance and ro-
bustness of AdaH-Chain. We utilize a trace-driven simulation
that combines physical hardware profiling with distributed
network emulation. First, we deploy the fixed-point mecha-
nism and graph algorithms on physical testbeds to measure
baseline execution limits. Then, we integrate the generated
deterministic sharding maps and hardware constraints into
the BlockEmulator |
metrics, including global throughput and cross-shard latency.

] framework to measure distributed

For the workloads, we extract a real-world dataset con-
taining 1,000,000 historical transactions from the Ethereum
Mainnet. To prevent out-of-memory (OOM) failures when
processing this large-scale graph, we apply the CSR storage
optimization for AdaH-Chain. To rigorously evaluate the
clustering overhead at scale, we configure the emulator with a
fixed shard-to-node ratio where each logical shard consistently
comprises 4 physical validator nodes. Across our experimen-
tal configurations, the system scales from a minimum of 4
shards (16 total nodes) up to a maximum of 16 shards (64
total nodes) to collectively manage the 1,000,000 historical
accounts. This setup accurately reflects the structural scaling
of heterogeneous networks while isolating the exact compu-
tational and memory overhead borne by the validators when
processing dense transaction subgraphs.

6.1.1 Physical Testbed and Heterogeneity Configuration

To extract accurate execution limits and validate the Cross-
ISA deterministic engine, we deploy microbenchmarks across
three distinct architectures: (1) a consumer laptop (AMD
Ryzen 7, 24GB RAM, x86-64); (2) an enterprise workstation
(Intel Core 19, NVMe SSD, x86-64); and (3) a cloud instance
(Intel Xeon, NVIDIA T4 GPU, CUDA).

We parameterize this heterogeneity into a two-tier ab-
straction for large-scale network simulations, implementing
a 4x performance gap between high-performance nodes
(Cstrong = 4.0, 500ms block interval) and resource-
constrained baseline nodes (C\eqr = 1.0, 2000ms block
interval).

6.1.2 Baselines

To systematically evaluate AdaH-Chain, we categorize exist-
ing sharding protocols into three paradigms:
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The first paradigm is the Topology-Oblivious mechanism,
1). This
protocol assigns accounts via cryptographic hashing, serving

represented by Random Sharding (OmniLedger [

as the baseline for uniform, unoptimized routing.

The second paradigm focuses on State-Decision Learning,
represented by modern Deep Reinforcement Learning (DRL)
architectures such as SPRING [1] and AERO [2]. These
protocols frame state partitioning as a Markov Decision
Process to dynamically schedule workloads. To measure their
theoretical maximum throughput without triggering state
divergence, we isolate their floating-point inference to an
off-chain oracle.

The third paradigm centers on Graph Representation, where
we evaluate two distinct configurations: Native GNN and GNN
(INT32). Native GNN utilizes hardware floating-point units
to process heuristics. We use it to measure the actual consen-
sus divergence rate across mixed CPU-GPU environments.
Conversely, GNN (INT32) serves as an ablation baseline;
it utilizes our deterministic engine but strictly enforces uni-
form load distribution. This isolates the performance gains
contributed specifically by our capacity-aware rebalancing
logic.

6.2 Evaluation Methodology

To validate AdaH-Chain against the challenges identified
in Section 1, we design four sets of experiments. First, we
evaluate the SD-PoB overhead (Section 6.3) and the Cross-ISA
Engine (Section 6.4) to address the profiling and consistency
challenges. Second, we demonstrate how Capacity-Aware
Sharding resolves the straggler effect (Section 6.5). Finally,
we conduct a robustness analysis under extreme network
conditions (Section 6.7).

6.3 Overhead of Capacity Discovery

Settings: To evaluate the execution overhead of the State-
Dependent Proof-of-Benchmark (SD-PoB), we execute cryp-
tographic puzzles (D, = 50 with 512 x 512 matrix dimen-
sions) across the three physical testbeds. Fine-grained timers
decouple the execution latency into I/O StateRead operations
and CPU-intensive matrix accumulations.

Results: Table 2 reports the decoupled latency metrics
and the derived capacity scores. The execution overhead is
negligible (< 0.5 seconds) across all devices, confirming that
SD-PoB avoids introducing computational bottlenecks at the
epoch boundary. Furthermore, the decoupled metrics reveal
architectural mismatches invisible to traditional sharding
protocols. The enterprise workstation exhibits high storage
I/O performance (C;, = 57876) due to its NVMe SSD.
(&) it % % wwat | Sci@pen
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However, relying solely on its CPU for Wasm-based dense
matrix operations yields a lower computational score (Cpy, =
209) compared to the massively paralle]l GPU cloud instance
(Cepu = 8171). Conversely, the cloud instance falls behind
the workstation in raw I/O access.

Summary: If a performance-agnostic model blindly as-
signs a computationally heavy transaction subgraph to the
workstation, it creates a straggler bottleneck. Our com-
posite capacity profile Ct,tq; natively captures this multi-
dimensional constraint, proving that relying purely on single-
dimensional metrics is inadequate.

Table 2 Fine-Grained Latency and Derived Scores of SD-PoB
Hardware I/0(s) CPU(s) Total Ci; Ccpu Ciotal

Laptop (AMD) 0.0218 0.2318 0.2536 4577 431 3%
Workstation (Intel) 0.0017 0.4778 0.4795 57876 209 208
Cloud (T4 GPU)  0.0023 0.0122 0.0145 43672 8171 6883

6.4 Impact of Deterministic Execution

Settings: To validate the execution engine in preventing con-
sensus divergence, we simulate GNN aggregation on mixed
x86/CUDA clusters and compare the Float32 divergence rate
against our Int32 precision loss.

Results: Figure 3(a) illustrates that the standard Float32
arithmetic of the Native GNN causes a consensus divergence
rate that quickly reaches 100%. In contrast, our Int32 mech-
anism maintains a strict 0% divergence rate. Figure 3(b)
illustrates that the quantization introduces less than a 1.5%
penalty to the final edge-cut ratio, preserving 94.7% of the
original Silhouette Score [21].

Summary: AdaH-Chain effectively resolves the hardware-
induced floating-point divergence while trading only a min-
imal topological accuracy penalty for strict cross-platform
consensus safety.

~m- GNN (Float32 Engine)
—4— AdaH (Int32 Engine)

Impact of Int32 Quantization on Topological Accuracy

tion Ratio (%)

cence Probability (%)

0 1000 2000 3000 4000 5000
Computational Complexity

(a) Consensus Divergence (b) Topological Accuracy

Probability Trade-off

Fig.3 Cross-ISA Determinism vs. Accuracy Trade-off. The fixed-
point engine preserves 94.7% of the continuous silhouette score,
introducing less than a 1.5% penalty to the final edge-cut ratio while
ensuring complete consensus safety.
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6.5 Overall Performance

Settings: We measure global scalability by varying the active
shard count from 4 to 16. We also analyze the Cumulative Dis-
tribution Function (CDF) of transaction confirmation latency
under heavy network loads. Native GNN is excluded from
steady-state evaluations because its non-deterministic state
execution prevents the maintenance of a functional consen-
sus, rendering steady-state block production impossible. The
comparison focuses on Random, DRL, and GNN (INT32).

Results: Figure 4(a) indicates that AdaH-Chain achieves a
peak throughput of 4,800 TPS under the 16-shard configu-
ration. This delivers a 4.8 x improvement over the Random
Sharding baseline (=~ 1,000 TPS), and a 1.9 gain over the
DRL and GNN (INT32) baselines (which saturate near 2,500
TPS). Concurrently, Figure 5 demonstrates that the baselines
suffer from long-tail latency (P99 > 30 seconds) due to
straggler queues on resource-constrained nodes. AdaH-Chain
bounds the P99 latency within 5 seconds.

Summary: Aligning transaction workloads with physical
processing ceilings eliminates the straggler effect, ensuring
high global throughput and predictable service latency.

(a) Scalability (b) Latency (Capped Queue)

2500

2000

‘Throughput (TPS)

1000

500

Fig.4 Performance comparison. (a) Throughput scalability across
multiple shards; (b) Average transaction confirmation latency.

6.6 Evaluation of Load Balancing

Settings: To understand the source of the performance im-
provements, we evaluate the workload distribution and the
Cross-Shard Transaction (CST) ratio.

Results: Figure 6 highlights the block production variance.
The DRL baseline enforces a strict 20% CST ratio, which
causes severe workload imbalance: Shard O processes 31
blocks while Shard 1 processes only 9. In contrast, AdaH-
Chain allows a higher CST ratio (45%) to dynamically migrate
boundary nodes, precisely matching the block production rate
with the hardware tiers. Figure 7 further includes the GNN
(INT32) variant. While GNN (INT32) minimizes the CST
ratio, its throughput saturates near 2,500 TPS (Figure 4(a)).
This ceiling occurs because uniform graph partitioning forces
high-performance nodes to idle while waiting for legacy

o
)

o
o

CDF (Cumulative Distribution)

0.4 4
Y 7 I S N N U Random
=== DRL (Int32)
........... —+= GNN (Int32)
0.0+ ——— AdaH
0 10 20 30 40 50 60

Latency (s)

Fig. 5 Cumulative Distribution Function (CDF) of transaction
latency. AdaH-Chain bounds the 99th percentile (P99) latency
effectively by eliminating localized stragglers.

validators. Furthermore, the selection of the dual-objective
hyperparameter A is grounded in a boundary analysis of
the system’s operational extremes. Mathematically, setting
A = 1.0 completely eliminates the straggler effect by strictly
prioritizing hardware capacity alignment, but it artificially
inflates the cross-shard transaction ratio to nearly 60%, con-
gesting the network with message relays. Conversely, setting
A = 0.0 aggressively preserves graph locality (restricting
the cross-shard penalty to below 15%), but causes severe
workload imbalance that forces high-performance nodes into
prolonged idle states. By sampling these boundary conditions
during the network initialization phase, we calibrated A\ to
0.65. This configuration provides the optimal operational
trade-off, maximizing global throughput without triggering
communication bottlenecks.

Summary: Trading a moderate cross-shard communication
penalty for strictly aligned hardware utilization is highly
effective. Preserving graph locality provides no throughput
benefits if the assigned local hardware lacks the capacity to
process the dense workload.

6.7 Robustness Analysis

Settings: We stress-test the protocol under extreme network
conditions. We scale the hardware performance gap from
1x to 8x (Fig. 8) and vary the proportion of strong nodes
from 12.5% to 50% (Fig. 9). We inject cross-shard network
delays of up to 5,000 ms (Fig. 10) and measure the epoch
reconfiguration time for topologies scaling up to 1,000,000
accounts (Fig. 11).

Results: Figure 8 shows that when the heterogeneity gap
reaches 8 x, AdaH-Chain maintains a peak throughput above
1,000 TPS, whereas the DRL baseline drops below 600 TPS
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(a) DRL: Workload Distribution (Mismatched)

Blocks Committed
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(b) AdaH: Workload Distribution (Capacity-Aligned)
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Fig. 6 Workload distribution and block production frequency
across physical nodes.
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Fig.7 Cross-Shard Transaction (CST) Ratio. AdaH-Chain trades
a moderate communication penalty for strictly matched hardware
utilization.

because fast nodes overwhelm slower ones with cross-shard
relays. Adding more strong nodes consistently boosts the
throughput of AdaH-Chain, while DRL remains bottlenecked
by its slowest shard. Under a severe 5,000 ms network delay,
the DRL throughput collapses by 25%), whereas AdaH-Chain
maintains stability above 160 TPS. The reconfiguration engine
exhibits a linear O(|A|) complexity, effectively processing
1,000,000 accounts asynchronously in 13.4 seconds.

Summary: These results demonstrate the resilience of
AdaH-Chain. Confining dense subgraphs within isolated
high-performance shards and decoupling routing computation
to asynchronous epoch boundaries ensures robust liveness
under highly adverse conditions.
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Fig.10 Robustness under vary- Fig. 11 Scalability of the re-
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7 Related Work

Existing literature on blockchain scalability and logical-layer
protocols primarily falls into three paradigms: topology-
oblivious sharding, Al-driven routing, and heterogeneity-
aware consensus mechanisms.

7.1 Topology-Oblivious and DRL-Based Sharding

Early sharding designs prioritize cryptographic security by
assuming homogeneous infrastructure. Probabilistic proto-
cols, including OmniLedger [12] and Elastico [22], apply
Distributed Randomness Generation to assign accounts to
discrete shards. This randomized mapping severs topolog-
ical dependencies. Breaking temporal locality pushes the
cross-shard communication ratio excessively high, forcing
the network to rely on expensive locking mechanisms that
severely degrade global throughput.

To dynamically adapt to network conditions, recent archi-
tectures utilize State-Decision Learning. Protocols such as
SPRING [!] and AERO [2] train deep reinforcement learning
agents to balance historical transaction locality with real-time
shard queue lengths. These learning-based routing meth-
ods excel at macro-level workload scheduling. In parallel
with computational scheduling, balancing the physical state
storage across shards is an equally essential optimization
dimension. Frameworks such as Tangram [23] address this
structural requirement by enabling dynamic storage exten-
sion and balanced state placement to prevent local capacity
saturation. However, regarding topological transaction rout-
ing, these learning models lack the structural capacity to
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extract high-dimensional topological features from the trans-
action graph. Furthermore, their underlying inference relies
on hardware-dependent floating-point libraries, introducing
non-determinism during decentralized execution.

7.2 Graph Representation Sharding and The Deter-
minism Gap

To overcome the structural limitations of DRL, advanced pro-
tocols introduce Graph Neural Networks to directly optimize
the routing topology. Methods utilizing GNNs and graph
partitioning algorithms [3, 4] represent historical interactions
as weighted graphs to accurately partition densely connected
communities.

The primary vulnerability of these continuous models is
their reliance on physical hardware-accelerated floating-point
arithmetic. Traditional smart contracts maintain absolute ex-
ecution safety by strictly operating within an integer-based
virtual machine sandbox. GNN models must bypass these re-
strictions to process high-dimensional features. In a strict state
machine replication environment, microscopic floating-point
deviations generated by disparate instruction set architectures
lead to permanent consensus failures.

7.3 Heterogeneity Management in Distributed Sys-
tems

Beyond basic consensus, blockchain technology is increas-
ingly utilized to construct reliable evaluation and decen-
tralized reputation systems, effectively preventing malicious
data modifications and ensuring accountability in various
applications [24, 25]. Building upon this concept within con-
sensus networks, mitigating hardware disparity remains a
fundamental challenge. Yu et al. [26] and Huang et al. [27]
proposed RepuCoin and ContribChain to integrate reputa-
tion scoring to weight consensus participation. They grant
higher leader-election probabilities to high-throughput val-
idators. This weighting accelerates network centralization, as
powerful nodes accumulate disproportionate block rewards
and influence. This mechanism marginalizes weaker partic-
ipants and leads to excessive power concentration among
high-performance nodes.
Alternative models like PoDL [

ware variations by replacing traditional consensus hashing

] attempt to exploit hard-

with computational tasks (e.g., deep learning training) routed
to GPU accelerators. Similarly, blockchain architectures have
been leveraged to securely verify and manage outsourced
computation tasks in wireless and edge environments [29].
However, these designs leave the core smart contract eval-
uation bottleneck unresolved. AdaH-Chain preserves the

Table 3 Comparison of AdaH-Chain with State-of-the-Art
Sharding Paradigms. Existing baselines assume homogeneity or
rely on unsafe floating-point heuristics. In contrast, AdaH-Chain
achieves hardware-aligned efficiency, deep topological extraction,
and strict consensus safety.

Heterogeneity Consensus Capacity Topology
Framework Support Determinism Awareness ~ Awareness
OmniLedger (Random) X Integer (Safe) X X
SPRING / AERO (DRL) X Float (Unsafe) Queue-based X
Native GNN X Float (Unsafe) X v
AdaH-Chain (Ours) v Int32 (Bit-wise Exact) V(L oxC) v

fundamental one-CPU-one-vote democratic consensus model
[30] and differentially routes the actual processing workload.
This workload routing mechanism allows the network to ex-
tract substantial throughput gains from hardware accelerators
without concentrating protocol governance.

7.4 Summary and Design Positioning

Table 3 provides a qualitative comparison between AdaH-
Chain and state-of-the-art protocols. Classical graph-based
methods optimize for topological locality, and modern DRL
approaches offer dynamic adaptability. Both paradigms lack
the architectural determinism required for heterogeneous
consensus. Existing solutions either treat all nodes equally
(triggering the straggler effect) or rely on non-deterministic
floating-point arithmetic (compromising safety). AdaH-Chain
resolves these structural flaws. It simultaneously enforces
Cross-ISA bit-wise consistency and capacity-aligned work-
load distribution, ensuring robust performance scaling in
mixed-hardware environments.

8 Conclusion

This paper resolves the structural conflicts between hardware
heterogeneity and consensus determinism in modern sharded
blockchains. Conventional smart contracts maintain execu-
tion safety by enforcing strict integer logic. Modern sharding
protocols increasingly deploy Graph Neural Networks to op-
timize routing topologies. Forcing these hardware-dependent
continuous models onto mixed CPU-GPU clusters inevitably
triggers arithmetic state divergence, breaking the fundamen-
tal rules of state machine replication. Furthermore, existing
protocols suffer from performance-agnostic designs, caus-
ing severe straggler bottlenecks when distributing uniform
workloads across diverse physical architectures.

To overcome these critical vulnerabilities, we propose
the AdaH-Chain framework. We build a Cross-ISA Deter-
ministic Execution Engine utilizing a symmetric fixed-point
quantization mechanism. This mathematical transformation
effectively eliminates floating-point discrepancies, explicitly
isolating the GNN topology extraction from underlying hard-
ware arithmetic variations. Building upon this safe execution
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layer, we introduce a Capacity-Aware GNN Sharding algo-
rithm. This mechanism maps dense transaction subgraphs
directly to verified physical hardware limits. Evaluations us-
ing Ethereum Mainnet traces confirm that our architecture
maintains strict consensus safety while preserving 94.7%
of the original topological clustering accuracy. The system
effectively neutralizes the straggler effect, delivering a peak
throughput of 4,800 TPS. This achieves a 4.8 improve-
ment over the randomized sharding baseline and a nearly 2 x
gain over state-of-the-art learning protocols, ensuring robust
performance scaling in highly heterogeneous environments.
Future research will explore verifiable stateless off-chain pro-
cessing mechanisms [31] to further compress cross-shard
dependencies and minimize on-chain execution overhead.
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