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Abstract. The rapid development of enterprise blockchain networks has shifted performance bottlenecks from
network consensus to the internal mechanisms of state database traversal, where irregular memory access
creates critical microarchitectural constraints. The primary objective of this study was to empirically determine
how the capacity of the last-level cache impacts the performance and stability of high-load Hyperledger Besu
nodes during state tree navigation. The research was conducted in a hardware-isolated environment with fixed
core frequencies based on an asymmetric AMD processor, enabling a direct comparison between 32 MB of
standard cache and 96 MB of 3D-stacked memory under a worst-case random-access scenario. Testing results
demonstrated that upon reaching hardware saturation, node performance is primarily dictated not by the
central processing unit clock speed, but by the data retrieval rate and last-level cache capacity. At a peak load
of 36,000 requests per second, the standard architecture with 32 MB of cache encountered a Memory Wall,
leading to sudden system degradation. Quantitative analysis showed that the topology with the expanded cache
(96 MB) stably maintained the 95" percentile latency at 6.55 ms, whereas on the standard cache, this metric
increased exponentially to 114.80 ms. Statistical modelling confirmed that utilising the smaller cache leads to
a nearly 18-fold (GMR =17.84) increase in tail latency during hardware resource saturation. Furthermore, the
dropped-iteration rate for the standard configuration increased almost 23-fold (IRR =22.99), causing systemic
resource exhaustion and cascading infrastructure failure. The practical value of this research lies in empirically
substantiating the necessity of software optimisation of the transaction pool and proposing a resource-adaptive
transaction execution method that accounts for hardware topology to scale enterprise distributed ledgers

Keywords: blockchain; high-load systems; pointer chasing; Memory Wall; state bloat; 3D V-Cache technology;
read-path optimisation

INTRODUCTION

As distributed ledger technologies are adopted in by employing PoA-based (Proof of Authority) con-
mission-critical, high-load environments, enterprise  sensus mechanisms. Since trust between authorised
blockchains - such as Hyperledger Besu - focus on en-  nodes is considered a given, the computational cost
suring instant finality and high transaction throughput  of reaching consensus is minimal. Consequently, the
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primary system bottleneck shifts from the consen-
sus layer directly to the execution layer, specifically
to the sequential nature of traversing the state data-
base within the Ethereum virtual machine. This shift
reveals a critical hardware problem related to the
growing gap between high processor performance
and significant latency in accessing main memory.
In this regard, investigating the impact of hardware
memory constraints — primarily the physical capacity
of the last-level cache-on the performance of state
database traversal is a pressing task to prevent per-
formance degradation and ensure the scalability of
modern distributed ledger systems.

Recent scholarly efforts have extensively explored
performance limitations of enterprise blockchain net-
works, though the focus has predominantly been on
consensus mechanisms and overarching data struc-
tures. C. Fan et al. (2022) conducted a comprehensive
performance evaluation of Hyperledger Besu utilising
PoA consensus algorithms. The authors concluded that
the computational overhead dedicated to reaching
consensus in permissioned networks is virtually negli-
gible, establishing that the primary performance bot-
tleneck shifts directly towards transaction execution
and state transitions. Similarly, G.A. Pierro et al. (2024)
performed a comparative analysis of enterprise plat-
forms, including Besu, in high-throughput simulated
environments. Their study highlighted that while PoA
mechanisms guarantee immediate finality, the contin-
uous computational updates required for the block-
chain’s database remain a critical constraint under
heavy workloads.

Building upon this execution bottleneck, C. Car-
doso et al. (2025) proposed an API-driven framework
specifically for the performance testing of Hyperledg-
er Besu networks. Their findings emphasised that as
network agreement is optimised, the execution layer -
particularly the sequential nature of state database
traversal - emerges as the most significant limiting
factor for node scalability. To address these execution
layer inefficiencies, V. Mardiansyah et al. (2023) investi-
gated the underlying cryptographic data structure, pro-
posing high-performance modifications to the Merkle
Patricia Trie (MPT). They determined that navigating
the standard width-16 radix tree structure introduces
severe structural overhead, which ultimately dictates
the overall speed of blockchain world state manage-
ment. O. Kuznetsov et al. (2025) further analysed this
structural complexity through a probabilistic frame-
work evaluating Merkle proof sizes and path lengths.
The authors demonstrated that the organic growth
of the state database (state bloat) logarithmically in-
creases the depth of the MPT, which fundamentally
slows down cryptographic verification processes dur-
ing transaction execution.

Expanding on the performance limitations of the
MPT,Y. Deng et al. (2024) identified that the recursive
hashing and structural complexity of the trie form the

primary throughput bottleneck for modern immutable
data systems. To overcome this, the authors proposed
parallel acceleration mechanisms leveraging Graph-
ics Processing Unit (GPU) and multi-core Central Pro-
cessing Unit (CPU) architectures, demonstrating that
concurrent processing of MPT operations is essential
for high-throughput networks. Similarly, I. Zhang et
al. (2025) evaluated the massive input/output pen-
alties associated with Merkleization in traditional
storage layers. By introducing the Quick Merkle Da-
tabase, the authors demonstrated that rearchitecting
state management to minimise disk reads can yield
up to a six-fold increase in transaction throughput,
explicitly confirming that state traversal remains
critically memory-bound. Furthermore, the execution
of these primitives is inherently tied to underlying
hardware. O. Kuznetsov et al. (2021) conducted a
comprehensive performance analysis of various cryp-
tographic hash functions, including the KECCAK-256
algorithm utilised in Ethereum-based environments,
across different CPU and GPU microarchitectures.
Their empirical results demonstrated that the base-
line computational throughput (cycles per byte) of
these algorithms significantly varies across different
hardware platforms, highlighting that physical pro-
cessor characteristics inherently dictate the execu-
tion speed of blockchain network primitives. Final-
ly, from a microarchitectural perspective, Z. Chen et
al. (2025) characterised the spatial patterns of mem-
ory access and the limitations of modern hardware
prefetching. Their research concluded that standard
processor optimisation techniques fail to predict di-
vergent memory paths, exposing the system to se-
vere latency (Memory Wall) when retrieving irregular
data structures like MPT nodes.

Despite these significant contributions - ranging
from consensus evaluation to MPT acceleration and
broad memory access observations - current literature
predominantly focuses on either high-level software
modifications or generalised hardware access patterns.
A critical scientific gap remains in understanding the
spatial locality crisis at the silicon level during state
traversal. Specifically, there is a lack of empirical re-
search quantifying how specific CPU microarchitec-
tural topologies, namely the physical capacity of the
Last Level Cache (L3), directly influence the stability,
throughput, and tail latency of enterprise blockchain
nodes operating under severe state bloat conditions.
While previous studies acknowledge the Memory Wall,
they fail to investigate how extended on-die static
random-access memory mitigates the pointer-chasing
bottleneck inherent to the Ethereum Virtual Machine
(EVM). Identifying this boundary is critical, as it dictates
the absolute scalability limits of standard commercial
off-the-shelf (COTS) processors before cascading sys-
temic failures occur.

Therefore, the primary aim of this research was to
empirically demonstrate and quantitatively evaluate
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the impact of L3 capacity on the performance metrics
of high-load enterprise blockchain nodes during worst-
case state tree navigation, providing the foundational
justification for software-level cache optimisations. To
achieve this aim, the following tasks were formulated.

1.To programmatically simulate the State Bloat
phenomenon to trigger out-of-cache memory access
patterns during worst-case randomised MPT traversal.

2.To conduct isolated microarchitectural stress
testing on an asymmetric processor - comparing iden-
tical computing cores with a baseline 32 MB versus an
extended 96 MB 3D-stacked cache (Bhargava & Tro-
ester, 2024) - and analyse its correlation with transac-
tion throughput and system tail latency under extreme
hardware saturation.

3.To scientifically substantiate the necessity for
software-based transaction queue optimisation mecha-
nisms that account for physical processor topology.
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Scientific novelty of the work lies in conducting the
first strictly isolated microarchitectural benchmark of
the Hyperledger Besu client that completely eliminates
the influence of frequency fluctuations, exclusively iso-
lating the spatial locality factor of MPT data.

MATERIALS AND METHODS

To empirically evaluate the impact of data spatial local-
ity on blockchain node performance an isolated hard-
ware testbed was deployed. The core computational
platform utilised an AMD Ryzen 9 9950X3D processor,
featuring a unique asymmetric microarchitecture. As il-
lustrated in Figure 1, the processor consists of two dis-
tinct Core Complex Dies (CCDs): the first chiplet (CCDO)
is equipped with 3D-stacked cache technology, provid-
ing a massive 96 MB of shared L3, while the second
chiplet (CCD1) utilises a standard planar topology with
a baseline L3 cache of 32 MB (Singh et al., 2025).

3D V-Cache
(64MB)
CCcbo ccb 1
L3 Cache L3 Cache
8 Cores (32MB) 8 Cores (32MB)

| TN Infinity Fabric S|

1/0 Die |

Figure 1. Asymmetric microarchitecture of the AMD Ryzen 9 9950X3D processor

Source: created by the authors

To establish the microarchitectural constraints for
the hardware testbed, the study explicitly accounted for
the mathematical approximation of the Cache Miss Rate
(R..) inherent to unpredictable MPT traversals. Under
the experimental conditions, assuming a uniformly ran-
dom access pattern across the simulated bloated state,
the miss rate was factored into the methodology as:

Rpniss = max (0.1 - %), 1)

where C_ - the available L3 cache capacity,and W_ -
the total physical memory footprint of the active MPT
nodes. This mathematical dependency was utilised to
ensure that as the blockchain state grew, W sufficient-
ly exceeded C__, thereby driving R . asymptotically to-
wards 1 (a near 100% miss rate) and effectively neu-
tralising spatial hardware optimisations to isolate the
influence of L3 capacity. To guarantee strict isolation
and eliminate operating system background noise, the
testing environment was containerised to address the
CPU reservation gaps identified by L. Liu et al. (2021),
where standard Linux scheduling often fails to hon-
our performance promises due to noisy neighbour in-
terference. Docker Engine on Ubuntu 22.04 LTS was

deployed via the Windows Subsystem for Linux (WSL),
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with microarchitectural separation enforced through a
strict dual-layer isolation protocol.

First, inside the guest operating system, Docker’s
CPUset execution parameters were utilised to bypass
the work-conserving nature of the completely fair
scheduler and ensure absolute resource allocation.
Second, because guest-level limitations cannot prevent
a host hypervisor from migrating the virtual machine
across physical chiplets, host-level CPU affinity was
rigidly enforced. During each test run, the WSL host
process was isolated via the Windows Task Manager,
strictly limiting its execution to the target logical cores
(0-7,16-23 for CCDO, or 8-15, 24-31 for CCD1). This du-
al-layer hypervisor and container pinning guaranteed
that the state traversal strictly engaged the intended
L3 cache without interference from either the guest or
host schedulers or the performance variance typical of
multi-tenant environments.

Testing was divided into two methodological phas-
es. Phase 1 (stock frequencies) - factory dynamic boost
behaviours were utilised to determine the impact
of raw processor frequency on performance metrics.
Phase 2 (strict isolation) - all compute cores on both
CCDs were locked at a fixed frequency of 4.5 GHz to iso-
late physical L3 cache capacity as the sole independent
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variable. Hyperledger Besu (version 24.12.1) was uti-
lised as the target client. To prevent Java Virtual Ma-
chine (JVM) Garbage Collection (GC) pauses from
skewing latency metrics, the JVM heap size was pre-al-
located and locked at 16 GB (-Xms16g -Xmx16g). The
network was configured as a permissioned ledger uti-
lising the PoA Clique algorithm with a 2-second block
period (blockperiodseconds: 2). The node’s state stor-
age utilised the Bonsai Tries format. The State Bloat
phenomenon was programmatically simulated. As
formally specified in the Ethereum protocol design
(Wood, 2022), traversing the width-16 radix tree of the
MPT follows a logarithmic time complexity. The ex-
pected path length E[L], which dictates the number of
memory fetches, scales logarithmically relative to the
total number of unique addresses (N):

E[L]=c-log,(N), )

where ¢ - structural constants. To exponentially increase
E[L],a custom Node.js script using the crypto library was
utilised to generate 5,000,000 unique cryptographic
addresses (balance: 0x56BC75E2D63100000). These
addresses were injected directly into the alloc block
of the genesis.json configuration file. This pre-alloca-
tion was designed to expand the physical footprint of
the trie beyond the 32 MB capacity of the standard L3
cache, forcing out-of-cache dynamic random-access
memory (DRAM) fetches. To eliminate protocol-level
throttling and isolate the processor’s microarchitecture
and memory subsystem as the sole bottlenecks under
high load, block gas limits were configured to an in-
finite value, with transactions incurring zero gas costs.
This configuration accounted for the nominal role of
gas in permissioned Enterprise Ethereum networks,
ensuring transaction fees did not act as an execution
ordering mechanism. The load generation strategy was
structured around the Average Memory Access Time
(AMAT) framework to specifically capture the microar-
chitectural penalty of hardware prefetcher failures dur-
ing MPT traversal:

AMAT: T + (Rmiss ’ Tpenalty)’ (3)

hit
where T, —the L3 hit latency; T - the latency pen-
alty incurred by fetching data from main memory. To
account for random MPT fetches crossing virtual page
boundaries during the test, the effective penalty mod-
el incorporated Translation Lookaside Buffer (TLB)
miss costs:
+(P

Tpenalty= 7—DRAM TLBmiss Tpagewalk)’ (4)

where T

TLBmiss

orav — the raw off-chip memory latency; P
the probability of a TLB miss; T, — the severe la-
tency penalty incurred by the hardware page walker. By
synthesising the structural depth of the trie and these
memory constraints, the load generation was designed

to target the memory access term within the formalised
transaction execution time (T, ):

Ty = compute +i= 12?:1 k(E[LL] - AMAT), )
where T . = the fixed baseline of EVM ALU oper-
ations; k - the total number of distinct state objects
accessed, E[L] - the expected path length for each spe-
cific read/write. This equation clearly illustrates that
transaction throughput is overwhelmingly dominated
by the memory access term (E[L] - AMAT). The subse-
quent load generation methodology is specifically de-
signed to empirically capture this exact degradation by
driving the system into hardware saturation.

Following the load testing approach described
by K. Stepien & M. Skublewska-Paszkowska (2025),
transaction load generation was executed using the
Grafana k6 framework. The testing script employed the
constant-arrival-rate executor to ensure adherence to
the target throughput. The experiment evaluated three
specific load scenarios for each CCD: 20,000 RPS (re-
quests per second), 25,000 RPS, and 36,000 RPS. Each
formal test iteration ran for 120 seconds. To maintain
the target throughput during potential latency spikes,
k6 was configured with 200 pre-allocated virtual users
(VUs), capable of dynamically scaling to a maximum of
3,000 concurrent execution threads (maxVUs: 3,000).
The workload exclusively targeted the eth_getBalance
JSON-RPC method. To bypass superficial node caching,
a shared array was utilised to load all 5,000,000 gene-
sis addresses into memory. For every request, the script
randomly sampled a target address, forcing the EVM
to continuously traverse divergent and unpredictable
paths of the state trie. A telemetry stack comprising Pro-
metheus (v3.1.0), Node Exporter, and Grafana (v11.5.0)
was deployed strictly for the preliminary hardware cali-
bration phase.

For the formal benchmark executions, all host-lev-
el monitoring containers were disabled to establish a
strict zero-interference environment and prevent noisy
neighbour context switching (Liu et al., 2021). The
empirical benchmarking data utilised for quantitative
analysis was exclusively extracted from the external k6
load generator summaries. The unit of observation was
defined as an independent benchmark run. For each ex-
perimental condition, independent runs were repeated
12 times (n=12). The factorial design included cache
topology (CCDO, CCD1) and target load (20,000, 25,000,
36,000 RPS) as fixed factors. The primary endpoint was
defined as the per-run 95™ percentile (P95) latency.
Secondary endpoints included the dropped-iteration
rate, achieved throughput, and the maximum number
of dynamically allocated virtual users (maxVUs). To an-
alyse the per-run P95 latency (L,.j.,) in milliseconds for
run r under cache topology / and load level j, the right-
skewed data was logarithmically transformed:

Y, =In(L,). (6)

ijr
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The transformed endpoint was modelled using a
two-factor linear model:

Y, =By*B, CCD,+ B, Load,+ B, (CCD,x Load) +¢,, (7)
where f - the intercept; §, and B, - the main effects of
cache topology and load; B, - the interaction term de-
termining the nonlinear scalability differences between
CCDs. The error term ¢, was assumed to be independ-

ent across runs. Estimated group contrasts were calcu-
lated as geometric mean ratios (GMR):

GMR=exp (A), (8)

where A - the estimated contrast on the logarithmic
scale. For each contrast, the 95% confidence interval
(Cl) was computed as:

exp (A SEW)), )

* toors,y
where SE(A) - the standard error of the contrast; v -
the number of degrees of freedom. For dropped itera-
tions (D, ) relative to the total number of scheduled re-

quests (N,.j,), the dropped-iteration rate was defined as:

Dijr
ir = ——. 10
pl]T Nijr ( )
These event counts were modelled as rates utilis-
ing a generalised linear model with a logarithmic link
and an exposure offset:

log(E[D, )=y, +v, CCD,+y, Load +
+y, (CCD,x Load) + log(N_.)

ijr’*

(11)

To account for overdispersion in the event counts, a
negative binomial model was applied. Effect sizes were
reported as incidence rate ratios (IRR) with correspond-
ing 95% confidence intervals:

IRR=exp(y,). (12)

To account for multiple post hoc comparisons across
the three evaluated load levels, all resulting p-values
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were adjusted utilising the Holm-Bonferroni procedure.
Statistical significance was established at a threshold of
a=0.05. All statistical modelling, data transformations,
and inferential analyses were executed utilising Python
(version 3.10) relying on the statsmodels library for gen-
eralised linear modelling and the SciPy ecosystem.

RESULTS AND DISCUSSION

The empirical evaluation was structured to systemat-
ically isolate the impact of L3 capacity on blockchain
state traversal performance. By subjecting the Hyper-
ledger Besu node to varying degrees of Remote Pro-
cedure Calls (RPC) load against an artificially bloated
state trie, the experiment successfully captured the mi-
croarchitectural bottlenecks inherent to state traversal
within the EVM. In the initial phase of testing, the AMD
Ryzen 9 9950X3D processor operated with factory Pre-
cision Boost Overdrive and dynamic boost behaviours
enabled. Under these stock conditions, the CCD1 natu-
rally leverages its higher thermal headroom to achieve
maximum peak clock frequencies. Conversely, the CCDO
is inherently constrained by the thermal and voltage
limitations imposed by the physical stacking of the
static random-access memory layer. As a result, during
the sustained heavy workloads of the benchmark, CCD1
consistently maintained a clock speed advantage of ap-
proximately 200 to 350 MHz over CCDO.

Despite this substantial frequency deficit, the em-
pirical data provided strong evidence that the raw
computational speed (clock frequency) of the core is
insufficient to overcome the memory latency wall in-
herent to MPT traversal.As detailed in Table 1,under an
extreme load of 36,000 RPS, the slower-clocked CCDO
demonstrated superior stability across all measured
metrics, maintaining significantly lower tail latency and
fewer dropped iterations. In stark contrast, CCD1 exhib-
ited pronounced performance degradation despite its
higher operating frequencies. Crucially, the standard
architecture was forced to spawn a substantially higher
number of concurrent execution threads (Virtual Users)
simply to sustain the target throughput, underscoring
its microarchitectural inefficiency when handling mem-
ory-bound blockchain workloads.

Table 1. Hyperledger Besu node performance per CCD on stock frequency for 36,000 RPS

Metric CCDO (96 MB 3D V-Cache) CCD1 (32 MB standard cache)
P90 2.90 ms 3.65 ms
P95 4.02 ms 6.06 ms
maxVUs 541 threads 721 threads
Dropped iterations 6,398 8,499

Source: created by the authors

This initial baseline supports the fundamental
hypothesis: MPT pointer chasing is profoundly mem-
ory-bound. The cryptographic hashes acting as node
pointers in the trie exhibit virtually zero spatial or
temporal locality. Consequently, the standard hard-
ware prefetchers fail to predict the execution path. The
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standard chiplet, despite its higher frequency, spends a
significant portion of its execution time in stall cycles
awaiting data retrieval from the slower system DRAM.
To eliminate the confounding variable of dynamic fre-
quency boosting observed in the baseline tests, Phase 2
of the experiment mandated a strict microarchitectural
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isolation. Both CCDs were locked at an identical, fixed
clock speed of 4.5 GHz. By equalising the raw computa-
tional frequency, this methodological approach isolated
the physical L3 cache capacity as the sole independent
variable. This ensures that any observed performance
divergence is exclusively attributable to memory access
latency (cache misses) rather than CPU thermal throt-
tling or boost clock disparities.

Under these isolated conditions, the Hyperledg-
er Besu node was subjected to incrementally higher

transaction loads (20,000, 25,000, and 36,000 RPS)
against the expanded state trie. Table 2 summarised
the distribution of per-run P95 latency across inde-
pendent benchmark runs. At 20,000 and 25,000 RPS,
the two CCD topologies remained separated but still
operated in a comparatively stable regime. In contrast,
at 36,000 RPS the standard 32 MB cache topology ex-
hibited a pronounced expansion of both central ten-
dency and dispersion, whereas the 96 MB 3D V-Cache
topology remained comparatively compact.

Table 2. Descriptive statistics for the primary endpoint (P95 latency) at fixed 4.5 GHz (n=12)

Condition Mean SD Median IOR Cl Lower Cl Upper
CCDO, 20,000 RPS 291 0.18 2.86 0.21 2.80 3.02
CCD1, 20,000 RPS 4.24 0.31 4.17 0.36 4.04 4.44
CCDO, 25,000 RPS 5.42 0.40 5.36 0.44 5.16 5.68
CCD1, 25,000 RPS 7.95 0.61 7.86 0.69 756 8.34
CCDO, 36,000 RPS 6.55 0.53 6.37 0.62 6.21 6.89
CCD1, 36,000 RPS 114.80 12.90 113.62 14.50 106.61 122.99

Notes: CI=95% confidence interval for the mean
Source: created by the authors

Figure 2 showed that the latency gap between
the two cache topologies was limited at 20,000 and

25,000 RPS but widened dramatically at 36,000 RPS.

The abrupt vertical separation of the distributions
under the highest load is consistent with a nonlin-
ear transition from moderate degradation to severe

memory-bound collapse on the 32 MB topology. Nota-
bly, the 96 MB 3D V-Cache topology (CCDQ) maintained
a compact distribution across all load levels, whereas
the standard 32 MB topology (CCD1) exhibited a pro-
nounced expansion of dispersion at 36,000 RPS, re-
flecting increased tail-latency unpredictability.

140
120
100
80
60
40
20

P95 latency (ms)

0 CCDO-20k CCD1-20k CCDO-25k CCD1-25k CCDO-36k CCD1-36k
Experimental condition

Figure 2. Distribution of per-run P95 latency across CCD topologies and load levels at fixed 4.5 GHz

Source: created by the authors

Formal model-based inference confirmed the de-
scriptive impression. Table 3 showed that cache topol-
ogy, load intensity, and their interaction were all sta-
tistically significant for both the latency model and

the dropped-iteration model. The interaction term is
especially important because it demonstrates that the
between-CCD performance gap increased disproportion-
ately as the benchmark approached hardware saturation.

Table 3. Model-level tests for the primary and secondary endpoints

Endpoint Effect Statistic df p-value

Cache topology 286.41 1.00 <0.001

Log-transformed P95 latency Load 412.73 2.00 <0.001
Cache topology x load 198.56 2.00 <0.001

Cache topology 174.82 1.00 <0.001

Dropped-iteration rate Load 229.33 2.00 <0.001
Cache topology * load 141.97 2.00 <0.001

Notes: for latency, the reported statistic is the Type III F statistic from the linear model. For dropped-iteration rate, the reported
statistic is the Wald x2 statistic from the generalised linear model

Source: created by the authors
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Table 4 presented the most relevant pairwise con-
trasts between CCD1 and CCDO at each load level. At
20,000 and 25,000 RPS, the GMR for P95 latency re-
mained close to 1.5, indicating a moderate but stable
penalty associated with the smaller L3 configuration.
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At 36,000 RPS, however, the geometric mean ratio in-
creased to 17.84, indicating a sharp escalation of tail
latency once the system entered the saturation regime.
A parallel pattern was observed for dropped-iteration
rate, where the IRR rose to 22.99 at the highest load.

Table 4. Between-CCD contrast by load level at fixed 4.5 GHz

Endpoint Load Effect size Lower 95% CI Upper 95% Ci Py
P95 latency (GMR) 20,000 RPS 1.46 1.31 1.63 <0.001
P95 latency (GMR) 25,000 RPS 1.47 1.29 1.68 <0.001
P95 latency (GMR) 36,000 RPS 17.84 12.41 25.62 <0.001
Drop rate (IRR) 20,000 RPS 2.72 2.10 3.51 <0.001
Drop rate (IRR) 25,000 RPS 2.86 2.37 3.45 <0.001
Drop rate (IRR) 36,000 RPS 22.99 18.10 29.20 <0.001

Notes: GMR - geometric mean ratio for log-transformed P95 latency, expressed as CCD1/CCDO; IRR - incidence rate ratio for
dropped-iteration rate, expressed as CCD1/CCDO; adjusted p-values were obtained using the Holm procedure

Source: created by the authors

The forest plot in Figure 3 visualised the same re-
sult on an effect-size scale. All confidence intervals lie
to the right of the null value, indicating consistently
worse performance of CCD1 relative to CCDO. The dis-
placement becomes particularly large at 36,000 RPS,
where both latency and failure outcomes increase by
more than an order of magnitude.

To fully comprehend the systemic impact of L3
cache exhaustion, it is necessary to examine the dy-
namic queue scaling executed by the load generator.
The exploratory maxVUs series presented in Figure 4

Drop rate, 36k
Drop rate, 25k
Drop rate, 20k

P95, 36k |
P95, 25k e
P95, 20k "

100

shows the same qualitative trend from the perspec-
tive of queue growth. At 20,000 and 25,000 RPS, the
smaller cache topology already required a consider-
ably larger concurrent execution pool to maintain
the requested arrival rate. Under 36,000 RPS, maxVUs
reached the configured ceiling of 3,000 on CCD1, in-
dicating severe queue amplification. Because this var-
iable is partly induced by the feedback logic of the
load generator and bounded by the upper limit, it is
interpreted here as supportive rather than confirma-
tory evidence.

10!

Effect size (CCD1 / CCDO)

Figure 3. Forest plot of effect sizes for between-CCD comparisons
Notes: values to the right of 1 indicate worse outcomes on CCD1 relative to CCDO

Source: created by the authors

3000 -« CCDO (96 MB)
° = (CCD1 (32 MB)
Z
2 @ 2,000
ED
S
E 2
-3 1,000
>

0

25k 36k
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Figure 4. Exploratory visualisation of maximum active virtual users recorded by the load generator

Source: created by the authors
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The ultimate consequence of the aforementioned
microarchitectural stalls and exponential queue scal-
ing is the catastrophic failure to process incoming RPCs.
The same general pattern of degradation was observed
for the dropped-iteration rate and achieved throughput,
as summarised in Table 5 and Table 6. Specifically, at
the peak load of 36,000 RPS, the standard cache topol-
ogy (CCD1) exhibited a mean dropped-iteration rate
of 114.80%, which directly correlated with a failure to

maintain target throughput (31,492.00 RPS) and a mas-
sive increase in performance instability (SD=1,827.00),
as detailed in Table 6. This systemic collapse on the 32
MB topology is further visualised in Figure 4, where the
execution pool reached its configured ceiling of 3,000
virtual users in a futile attempt to sustain the request-
ed arrival rate, whereas the 96 MB topology (CCDO) re-
mained within a stable operational envelope with sig-
nificantly lower resource exhaustion.

Table 5. Descriptive statistics for per-run dropped-iteration rate across CCD topologies
and load levels at fixed 4.5 GHz (n=12)

Condition Drop rate mean (%) Drop rate SD Median IOR
CCDO, 20,000 RPS 0.04 0.01 0.04 0.01
CCD1, 20,000 RPS 0.10 0.02 0.10 0.02
CCDO, 25,000 RPS 0.22 0.03 0.21 0.04
CCD1, 25,000 RPS 0.61 0.07 0.61 0.08
CCDO, 36,000 RPS 0.45 0.06 0.45 0.07
CCD1, 36,000 RPS 10.39 1.12 10.28 1.21

Source: created by the authors

Table 6. Descriptive statistics for per-run achieved throughput (requests/s) across CCD topologies
and load levels at fixed 4.5 GHz (n=12)

Condition Throughput mean Throughput SD
CCDO, 20,000 RPS 19,996.00 18.00
CCD1, 20,000 RPS 19,989.00 24.00
CCDO, 25,000 RPS 24,978.00 31.00
CCD1, 25,000 RPS 24,941.00 54.00
CCDO, 36,000 RPS 35,837.00 96.00
CCD1, 36,000 RPS 31,492.00 1,827.00

Notes: throughput is reported as achieved requests per second

Source: created by the authors

Figure 5 demonstrated that failure rates remained
comparatively low and stable on CCDO across all three
loads. By contrast, CCD1 exhibited a limited but clear in-
crease in failure probability at moderate loads, followed
by a marked jump at 36,000 RPS. This behaviour is con-
sistent with a transition from degraded performance to

systemic instability once the active working set substan-
tially exceeded the effective cache capacity of the stand-
ard topology. This data strongly suggests that L3 cache
exhaustion does not merely result in slower transaction
processing; it acts as the primary catalyst for a cascading
software failure that severely incapacitates the node.

12
« CCDO (96 MB)
10| = CCD1 (32 MB)

8

Dropped-iteration rate (%)
o

o N D

20k

25k

36k

Target load

Figure 5. Dropped-iteration rate with 95% confidence intervals across load levels

Source: created by the authors

While the strict 4.5 GHz isolation explicitly demon-
strates the architectural vulnerability of the 32 MB pla-
nar cache, the higher core frequencies observed during

stock tests function as a partial compensation mech-
anism. At moderate loads, dynamic boosting allows
standard cores to mitigate elevated cache miss rates,
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slightly expediting recoveries from DRAM fetches. How-
ever,when the MPT traversal reaches absolute L3 cache
exhaustion, even peak clock frequencies exceeding 5.4
GHz become insufficient. The system becomes irrevo-
cably memory-starved, where core execution pipelines
spend the vast majority of their cycles idling.

To synthesise the relationship between microarchi-
tectural limits and system-level failures, the statistical
evidence confirms that hardware-level memory stalls
do not scale linearly; rather, they serve as a primary
catalyst for a catastrophic chain reaction across the
software stack — a systemic death spiral. Because the
standard architecture’s execution cores are starved of
data, the exponential spike in tail latency directly trig-
gers the rapid exhaustion of the thread pool limits,
which inevitably leads to the massive spike in dropped
iterations. When processing massive, fragmented data-
sets like the blockchain state trie, physical L3 capacity
dictates the ultimate scalability boundary.

The systemic failure dynamics illustrated by these
empirical results provide a definitive basis for re-evalu-
ating blockchain execution layer design. The exponen-
tial death spiral observed on standard cache topologies
is not merely a consequence of hardware limits, but a
result of the fundamental misalignment between the
MPT structure and standard transaction scheduling. In
typical Hyperledger Besu enterprise deployments, the
transaction pool defaults to a strictly chronological
first-in-first-out sequence. For the CPU, this represents
a worst-case execution pattern, forcing the system to
traverse unrelated branches of the state trie for every
individual request. This induces continuous L3 cache
thrashing, where each new transaction evicts poten-
tially useful data.

To fully understand the observed degradation, it is
necessary to examine the microarchitectural mecha-
nism that causes it. The performance bottleneck is in-
extricably linked to the underlying cryptographic data
structure used to manage the blockchain’s shared state:
MPT, which functions as a tree with a width and base of
16. As the blockchain network processes transactions,
the constant creation of records and smart contract
data leads to the phenomenon of State Bloat, which
logarithmically increases the depth and structural com-
plexity of the MPT. Modern Ethereum clients attempt to
mitigate disk /O bottlenecks by implementing flat stor-
age models, but the microarchitectural overhead asso-
ciated with cryptographically verifying these proofs
in memory causes a deeply technical crisis known as
“pointer chasing” (Hsieh et al., 2016). Since the MPT is
an irregularly placed linked data structure, the proces-
sor cannot execute subsequent memory fetches in arbi-
trary order, which fundamentally limits instruction-lev-
el parallelism and renders traditional caching policies,
such as least recently used, ineffective. High-frequency
processor cores are forced to remain idle, waiting for
data to be retrieved from dynamic random-access mem-
ory (DRAM), which directly subjects the system to the
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severe constraints of the Memory Wall paradigm (Farsh-
in et al., 2019). It is precisely this mechanism that is
empirically confirmed by the results obtained: at a peak
load of 36,000 RPS, the standard architecture with 32
MB of cache encountered complete saturation of hard-
ware resources, leading to the cascading degradation of
the node described in the following sections.

The empirical saturation observed at 36,000 RPS
under strict cache isolation provides a novel microar-
chitectural perspective compared to existing net-
work-level evaluations of blockchain performance. For
instance, F. Leal et al. (2020) evaluated the performance
of private Ethereum networks, identifying transaction
throughput limits that were primarily dictated by block
size configurations and gas constraints rather than
direct hardware saturation. Similarly, G.A. Pierro et
al. (2024) conducted a comparative analysis of Hy-
perledger Besu versus Quorum, focusing on baseline
consensus overhead and demonstrating moderate
throughput capabilities under standard operational
loads. In contrast to their findings, which highlighted
protocol and network-layer bottlenecks, authors’ meth-
odology explicitly removed block gas limits to expose
the underlying hardware constraints. Authors’ results
demonstrated that once software-level throttling is by-
passed, the MPT memory access pattern becomes the
absolute performance ceiling, shifting the primary bot-
tleneck entirely from the consensus algorithm to the
physical CPU cache hierarchy.

The severe performance degradation observed on
the standard 32 MB planar cache (CCD1) aligns with
previous theoretical models of pointer-chasing work-
loads, but authors’ findings diverge significantly in the
proposed mitigation strategy. Y. Huang et al. (2018)
addressed the inherent unpredictability of pointer
chasing by proposing the deployment of L2 prefetch-
ers equipped with helper threads to actively predict
and fetch memory addresses. While their algorithmic
approach successfully reduces memory stalls at the
software-hardware interface, it requires highly specific
prefetcher optimisations. Conversely, authors’ evalua-
tion of the 96 MB CCDO provides empirical evidence
that vertically expanding the L3 offers a brute-force,
yet highly effective, hardware-level mitigation. Authors
showed that simply encapsulating a larger portion of
the active working set within the L3 boundary effec-
tively neutralises the need for complex prefetcher mod-
ifications when traversing bloated blockchain states.

Furthermore, the transition to memory-bound
collapse at peak loads intersects with the data struc-
ture optimisations proposed by A. Zeitak & A. Morrison
(2021). In their investigation of efficient DRAM index-
ing, authors identified that traditional radix trees se-
verely limit memory-level parallelism, prompting their
design of the Cuckoo Trie to flatten the underlying
data structure and reduce dependent memory fetch-
es. Their conclusions regarding the microarchitectural
inefficiency of deep cryptographic trees are strongly
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supported by authors’ CCD1 dropped-iteration data.
However, whereas A. Zeitak & A.Morrison advocated for
a fundamental redesign of the core database structure
to alleviate DRAM latency, the results of the experiments
in this study suggested an alternative hardware-centric
absorption strategy. The resilience of the 3D V-Cache
topology at 36,000 RPS indicates that next-generation
asymmetric caching can temporarily mask the structur-
al deficiencies of legacy MPT implementations, sustain-
ing high concurrent throughput without necessitating
immediate codebase overhauls.

The hardware saturation phenomena captured in
authors’ load tests also provide a critical microarchi-
tectural validation of the vulnerabilities explored by
D. Perez & B. Livshits (2020) regarding EVM resource
metering. They highlighted that certain EVM instruc-
tions, particularly those invoking state 1/0, are system-
atically underpriced relative to the actual computa-
tional and memory burden they place on the executing
node. Authors’ observation of exponentially amplifying
virtual users and catastrophic queue failure on the 32
MB topology perfectly illustrated the physical mechan-
ics of this underpricing. When the active state exceeds
L3 capacity, the latency penalty of out-of-cache DRAM
fetches compounds nonlinearly. This confirms that if
organic state bloat forces consistent MPT traversals,
standard enterprise nodes could be driven into a de-
nial-of-service state even while processing nominally
‘cheap” transactions, reinforcing the need for state-size-
aware gas algorithms.

Finally, authors’ findings expand upon the caching
and runtime optimisations discussed by S. Oaks (2020)
and M. Sultan et al. (2024).M. Sultan et al.(2024) demon-
strated how effective cache sizing depends heavily on
the precise working set footprint and the temporal rel-
evance of the data. Authors’ data proved that in MPT
traversals - where temporal locality is virtually nonex-
istent - the physical L3 capacity functions analogously
to a strict software cache limit; once the working set
size surpasses this physical threshold, dynamic pro-
cessor boosting is entirely negated. Additionally, while
S. Oaks (2020) emphasised the critical importance of
JVM heap pre-allocation to prevent application paus-
es - a practice strictly adhered to in authors’ method-
ology — authors’ results reveal that such software-level
tuning is insufficient when microarchitectural bottle-
necks are triggered. Even with optimal JVM configu-
rations, the client could not compensate for the hard-
ware-level DRAM fetch stalls, demonstrating that L3
cache exhaustion ultimately overrides software-level
runtime optimisations.

To summarise the findings, it can be argued that
the physical size of the L3 cache is not merely a per-
formance metric, but a fundamental limit to the scala-
bility of enterprise blockchain nodes when operating
with an inflated state. Empirical data convincingly
demonstrates that the traditional strategy of increas-
ing processor clock speed is an ineffective response to

microarchitectural limitations caused by irregular MPT
traversal. Instead, hardware cache topologies - in par-
ticular 3D V-Cache technology - are capable of ensur-
ing stable node operation even under extreme loads,
where standard configurations suffer cascading failures.

CONCLUSIONS

This study empirically demonstrated that the sequen-
tial pointer-chasing nature of MPT traversal in the EVM
fundamentally transformed state traversal operations
from a compute-bound operation into a predominantly
memory-bound bottleneck under worst-case workloads.
Based on the isolated microarchitectural stress testing
of the Hyperledger Besu client, the comparative anal-
ysis between CCDs strongly indicated that extended
L3 capacity is a critical determinant of high-through-
put node performance. The results demonstrated that
even a substantial factory frequency advantage failed
to overcome the inherent latency penalties of out-of-
cache DRAM fetches. Under strict microarchitectural
isolation at a peak load of 36,000 RPS, the standard 32
MB cache architecture suffered a catastrophic Memory
Wall collapse. This was characterised by a nearly eight-
een-fold increase in P95 latency (MR =17.84) and a
massive dropped-iteration rate of 114.80% (IRR=22.99)
compared to the 96 MB topology.

These empirical observations were robustly val-
idated through formal inferential statistics. Using in-
dependent benchmark runs as the unit of analysis, the
study confirmed that cache topology, load intensity, and
their interaction all had statistically significant effects
on both tail latency and dropped-iteration rates. The
interaction term was especially critical, as it mathe-
matically proved that the performance penalty of the
smaller L3 configuration grew nonlinearly as the sys-
tem approached hardware saturation. Furthermore,
utilising GMR for latency and IRR for failure outcomes
provided a rigorous and interpretable quantification of
the magnitude of these microarchitectural differences.

The empirical and statistical data further high-
lighted a profound cascading effect: microarchitectural
pipeline stalls did not merely delay processing but dest-
abilised the entire node infrastructure. The inability of
hardware prefetchers to anticipate divergent MPT paths
led to severe cache thrashing, forcing the processor to
idle. This hardware-level starvation caused incoming
RPC requests to saturate the JVM heap, likely trigger-
ing aggressive GC pauses and culminating in a probable
systemic death spiral of network socket exhaustion (as
evidenced by the massive spike in dropped RPC requests
and connection timeouts recorded by the external load
generator). Consequently, mitigating L3 cache misses
was shown to be not just a performance optimisation
but a fundamental requirement for system reliability.

Since increasing raw CPU clock speeds proved
largely ineffective against the MPT Memory Wall, ad-
dressing these bottlenecks natively in software remains
a critical priority for future research. Subsequent studies

Bulletin of Cherkasy State Technological University, Vol. 31, No. 2, 2026



M. Bystryk & O. Khoshaba
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AHoTauiga. CTpiMKUIA pO3BUTOK KOPNOPATUBHUX BNOKYENH-Mepex 3MiCTUB BY3bKi MiCLS MPOAYKTUBHOCTI Bif
MepeXXeBOro KOHCEHCYCY A0 BHYTPILIHIX MexaHi3MiB 06xony 6a3u AaHWX CTaHY, fle HeperynspHuit 4ocTyn oo
namaTi CTBOPIOE KPUTUUHI MiKpOApXiTeKTYpHi o6MexeHHs. OCHOBHO MeTol poboTu 6yno emMnipuyHe BU3HAUYEHHS
TOro, IK 06€EM Kell-NaM’aTi OCTaHHbOMO PiBHS BMIMBAE HA MPOAYKTUBHICTb T CTabiNbHICTb BUCOKOHABAHTAXKEHUX
By3niB Hyperledger Besu nig yac HaBirauii no gepesy cTaHiB. [locnigkeHHs NpoBeAeHO B anapaTHO i30/1b0BAaHOMY
cepefoBMLL 3 (DiKCOBAHOK YaCTOTO aaep Ha 6a3i acumeTpuyHoro npouecopa AMD, Lo f03BOUIO NPSIMO MOPIBHATH
32 MbB cTanpapTHoro kewy Ta 96 Mb 3D-stacked namaTi 33 HaMripLoro cLeHapito BUNaaKoBOro AocTyny. Pesynbratu
TeCTyBaHHS NPOAEMOHCTPYBANY, O 33 YMOBM AOCATHEHHS anapaTHOro0 HAaCMYeHHS NPOAYKTUBHICTb By3/1a 3HAYHOH
MipOH0 OUKTYETHCA HE TAKTOBOK YaCTOTOK MpOLLEecopa, a WBUAKICTI0O OTPUMAHHS AaHMX Ta 06EMOM Kew-nam'aTi
OCTaHHbOro piBHA. I1i4 yac nikoBoro HaBaHTaxeHHs y 36 000 3anuTiB Ha cekyHAy CTaHAApTHa apxiTekTypa 3 32 Mb
Kewy 3iTKHynacs 3 6apepom namarti (Memory Wall), wo npusseno no pantoBoi aerpagadii cucteMu. KinbkicHui
aHani3 nNokasas, Wo TOMosoria 3 po3wmpeHum kelwem (96 MB) cTabinbHo nigTpuMyBana 3aTpuMky 95-ro npoueHTUAs
Ha piBHi 6,55 Mc, Tofi K Ha CTaHAAPTHOMY Kelli Ler NOKa3HUK eKCnoHeHuianbHo 3pic fo 114,80 mc. CratuctuuHe
MOAENBAHHSA MiATBEPAMNIO, WO BUKOPUCTAHHS MEHLIOrO Kely Npu3BoaMTb 0 Maike 18-pasosoro (GMR =17,84)
306i/bLIEHHS XBOCTOBOI 3aTPUMKM Nif, YaC HACMYEHHS anapaTHUX pecypcis. KpiM Toro, 4actota KpUTUYHOI BTPaTH
06pobneHnx paHux Ang CTaHAapTHOI KOHGIrypauii 3pocna maike y 23 pasu (IRR=22,99), cnpuunHMBLIM CUCTEMHE
BUYEpNaHHSA pecypciB i KackagHwuii 36ii iHppacTpykTypu. MpakTUUHA LiHHICTb OCNILKEHHS NONSra€e B eMMNipUYHOMY
06rpyHTYBaHHI HEOOXiAHOCTI MPOrpaMHOi ONTUMI3aLii Myny TPaH3aKLiM Ta NPONOHYBAHHI peCypCHO-aAanTUBHOIO
MeTofAY, KM BPax0OBYE anapaTHy TOMOJONit0 A8 MaclTabyBaHHS KOPNOPATUBHUX PO3MNOAiNEHUX PEECTPIB

KniouoBi cnoBa: 6510k4eliH; BUCOKOHaBaHTaXeHi cucteMu; pointer chasing; Memory Wall; po3poctaHHs cTaHy;
TexHonoria 3D V-Cache; onTMMi3auis onepauii YnTaHHS
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