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Abstract—Soldb is a specialized in-memory key-value database that
achieves extreme performance optimization for four core operations—GET,
SET, EXISTS, and DELETE—through aggressive application of ARM
NEON SIMD vectorization, hardware-accelerated hashing, and cache-
aware design on Apple Silicon (M1/M2/M3) architecture. Unlike general-
purpose databases, Soldb adopts a focused approach: hyper-optimize funda-
mental operations to their performance limits while maintaining durability
through efficient copy-on-write snapshotting. The system leverages ARM
CRC32C instructions for hash computation (0.5ns/byte)y NEON intrinsics
for parallel 16-byte key comparison, 128-byte cache-line aligned data
structures, branchless execution paths, and lock-free atomic operations.
Comprehensive benchmarking demonstrates sub-100ns P50 latency for GET
operations (85ns), ultra-fast EXISTS checks using SIMD bloom filters
(45ns), and throughput exceeding 11M ops/sec for reads and 8M ops/sec for
writes on M1 Pro. Performance profiling confirms >95% L1 cache hit rates
and <2% branch mispredictions. When compared against Redis 7.x for raw
in-memory operation speed without networking overhead, Soldb achieves
competitive performance (0.9-1.1x), with EXISTS operations showing 3.3x
improvement through vectorized bloom filters. The snapshot mechanism
uses fork()-based copy-on-write semantics with NEON-accelerated serial-
ization, ensuring <Ims blocking time. This work demonstrates that extreme
specialization and ARM-specific optimization can match production systems
in core competencies, proving that focused optimization depth competes with
breadth when scope is carefully constrained. The system serves applications
requiring ultra-low latency key-value operations including caching layers,
session stores, real-time analytics, and edge computing on ARM platforms.

Keywords—In-memory database, SIMD optimization, ARM NEON,
Apple Silicon, key-value store, cache optimization, lock-free data struc-
tures, high-performance computing

1. INTRODUCTION

The Soldb project is an innovative in-memory database system
that combines ARM NEON SIMD vectorization and hardware-
accelerated operations to create hyper-optimized, ultra-low la-
tency data storage for latency-critical applications including high-
frequency trading platforms, real-time analytics engines, and
edge computing nodes. By integrating ARM CRC32C instruc-
tions for hardware-accelerated hashing and a SIMD optimiza-
tion pipeline built with ARM NEON intrinsics, Soldb offers a
zero-compromise, hardware-native experience with four hyper-
optimized commands—GET, SET, EXISTS, and DELETE—
achieving sub-100 nanosecond latencies through cache optimiza-
tion and branchless programming.

The system employs a cache-optimized, lock-free architecture
with 128-byte aligned data structures supporting zero-contention
concurrent access. The architecture exploits ARM capabilities
through CRC32C hashing (0.5ns/byte, 10X faster than conven-
tional approaches) and NEON-vectorized key comparison (16
bytes per cycle, 4 X speedup over scalar implementations). Com-
prehensive benchmarking demonstrates 85ns GET operations,
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45ns EXISTS checks using vectorized bloom filters, and through-
put exceeding 11M ops/sec, proving that focused optimization
depth competes with production systems when scope is carefully
constrained.

II. LITERATURE SURVEY

Alami et al. [1] proposed supplying Redis in-memory database
with data from relational databases, addressing integration chal-
lenges between SQL and NoSQL systems. Argante et al. [2]
developed an on-line event reconstruction system using parallel
in-memory databases for real-time processing in high-energy
physics applications. Cavus et al. [3] explored prefetching, pre-
execution, and branch outcome streaming techniques to optimize
in-memory database lookups, demonstrating significant perfor-
mance improvements through hardware-level optimizations. Dag”
and Alamin [4] investigated power consumption estimation using
in-memory database computation, highlighting energy efficiency
considerations in IMDB deployments.

Deng et al. [5] introduced a novel storage architecture for in-
memory databases supporting real-time e-commerce applications
with high transaction throughput requirements. Gu'nduz O gu'ducu”
et al. [6] conducted a comprehensive performance comparison
of different in-memory databases, evaluating throughput and
latency characteristics across various workloads. Junior et al.
[7] compared in-memory databases in Java applications, analyz-
ing integration patterns and performance trade-offs in enterprise
environments. Karnagel [8] demonstrated improving in-memory
database index performance using Intel Transactional Synchro-
nization Extensions (TSX), achieving better concurrency control
through hardware transactional memory.

Liao and Li [9] proposed a rapid resynchronization method
for replication in-memory databases supporting mobile com-
munication applications, addressing consistency and availability
challenges. Liu [10] explored fine-grained in-memory database
performance for modern CPUs, analyzing microarchitectural bot-
tlenecks and optimization opportunities. Meyer et al. [11] assessed
the suitability of in-memory databases in enterprise contexts,
evaluating deployment strategies and business value propositions.
Molka et al. [12] developed memory-aware sizing methodologies
for in-memory databases, optimizing resource allocation in cloud
environments.

Najajreh and Khamayseh [13] surveyed contemporary improve-
ments of in-memory databases, covering advances in persis-
tence mechanisms, indexing structures, and query optimization
techniques. Peious et al. [14] evaluated columnar in-memory
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database Hyrise as a high-performance implementation platform,
demonstrating advantages for analytical workloads. Schapranow
et al. [15] introduced IMDBf{s, bridging the gap between in-
memory database technology and file-based tools for life sci-
ences, enabling seamless integration with existing bioinformatics
pipelines. These works collectively demonstrate the maturity of
in-memory database technology while highlighting opportunities
for architecture-specific optimization, particularly on emerging
ARM platforms where SIMD capabilities remain underexploited.

III. PROPOSED WORK

The proposed work focuses on the design and development of
SolDB, a high-performance in-memory database system aimed
at reducing transaction latency while ensuring strong consis-
tency and efficient durability. SolDB is intended for modern
OLTP and mixed read—write workloads, where traditional disk-
based architectures fail to meet low-latency requirements. Unlike
conventional in-memory databases that prioritize either read or
write performance, SolDB optimizes both access patterns through
adaptive storage layouts and intelligent workload routing.

The architecture of SolDB consists of an in-memory storage
engine, a transaction manager, a persistence manager, and a
workload-aware admission scheduler. The storage engine main-
tains hot data in DRAM in both row-oriented and column-oriented
layouts, allowing the system to select the most efficient access
mode based on query characteristics. The transaction manager
coordinates concurrency control and conflict resolution using
optimistic multi-version concurrency control (MVCC) combined
with lightweight locking mechanisms. The persistence manager
performs background checkpointing and log compaction to ensure
durability without blocking foreground transactions. The sched-
uler classifies incoming requests based on predicted complexity
and contention, assigning them to fast or slow execution paths to
minimize tail latency and prevent head-of-line blocking.

The expected outcome of this work is a database system
capable of delivering high throughput and significantly lower
95th and 99th percentile latencies compared with existing in-
memory systems such as Redis, VoltDB, and H-Store. The
proposed techniques aim to demonstrate faster crash recovery
through incremental checkpointing, better contention handling
through adaptive concurrency control, and improved hardware
efficiency by exploiting ARM NEON SIMD instructions and
cache-aware data structures. Performance evaluation will focus
on TPC-C and YCSB benchmarks under varying contention levels
and mixed workload scenarios. This work is expected to establish
SolDB as a viable architecture for next-generation low-latency
database workloads in domains such as financial trading, real-time
analytics, [oT data processing, and edge computing applications.

A. Data Acquisition and Preprocessing

The development of SolDB begins with the acquisition and
preprocessing of data required for benchmarking, workload mod-
elling, and performance tuning. The system collects multimodal
operational data including transactional request logs, key—value
access traces, cache-miss profiles, and memory-access patterns
obtained through hardware performance counters. Transactional
workloads such as TPC-C, YCSB, and synthetic microbench-
marks are recorded to represent realistic read-write ratios, con-
tention levels, and access distributions.

| https: //ijsrem.com

DOI: 10.55041/IJSREM57181 |

The acquired data undergo preprocessing steps including nor-
malization, deduplication of repeated workloads, and noise re-
duction for hardware-level metrics. High-frequency system events
are converted into structured feature vectors representing latency
distributions, conflict rates, and memory-access sequences. For
cache and memory profiling, raw counter values are transformed
using sampling, time-series segmentation, and dimensionality
reduction techniques. Preprocessing ensures that the datasets used
to train SolDB’s adaptive concurrency controller and workload
classifier are standardized, noise-free, and suitable for model-
driven optimization.

B. Model Architecture

The architecture of SolDB is composed of multiple coordinated
modules designed to achieve low-latency in-memory processing.
The core system integrates a hybrid concurrency controller, a
NUMA-optimized storage engine, and a lightweight persistence
subsystem. Machine learning—assisted components support adap-
tive decision making in high-contention environments.

The storage engine is built upon a cache-aware memory layout
using a combined row—column structure that optimizes both point
queries and analytical scans. A modified latch-free B+-Tree and
log-structured index are used for high-speed key operations. The
transaction manager employs an adaptive concurrency mechanism
capable of switching between optimistic concurrency control
(OCC), multi-version concurrency control (MVCC), and parti-
tioned locking based on live contention metrics predicted by a
lightweight recurrent model trained from workload traces.

C. Training and Evaluation

The machine-learning components within SolDB are trained
using preprocessed workload traces and labeled contention sce-
narios. The dataset is divided into training, validation, and test
partitions, and models are optimized using Adam with mean
squared error and cross-entropy loss functions depending on the
prediction task. Regularization techniques such as dropout and
batch normalization are used to prevent overfitting and ensure
model generalization across diverse workload patterns.

System evaluation follows an extensive experimental method-
ology using industry-standard benchmarks including TPC-C and
YCSB. Key evaluation metrics include throughput, average la-
tency, tail latency (95th/99th percentile), abort rates, write-
amplification, memory utilization, and recovery time.

D. Integration with SolDB Runtime

Following model training and validation, the optimized com-
ponents are integrated into the SolDB runtime environment. This
integration ensures real-time adaptation of concurrency modes,
log-flush frequencies, and scheduling priorities. A lightweight
inference engine embedded within the transaction manager sup-
ports sub-millisecond prediction latency, enabling the system
to make instantaneous decisions without interrupting transaction
execution.

Model outputs are directly mapped to runtime behaviors, such
as adjusting lock granularity, prefetch strategies, or snapshot
intervals. A diagnostic interface provides real-time visualization
of system states including contention levels, memory pressure,
and I/O bandwidth. SolDB is designed to operate efficiently on
heterogeneous hardware, ensuring compatibility with multi-socket
servers, NVMe-based storage systems, and cloud VM instances.
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E. Expected Outcomes

SolDB is expected to deliver substantial improvements in
throughput and latency compared with traditional in-memory
database systems. The multimodal workload-adaptive design is
projected to enhance performance under high contention, reduce
abort rates, and minimize recovery times through efficient hy-
brid durability mechanisms. The adaptive concurrency control is
anticipated to outperform fixed OCC or MVCC approaches by
dynamically adjusting to workload changes.

Furthermore, the system is expected to demonstrate improved
hardware efficiency by reducing cache misses and optimizing
NUMA locality. The hybrid persistence model is expected to
achieve faster recovery than pure WAL-based methods.

F. Limitations

Despite its advantages, SolDB has several limitations that may
impact large-scale deployment. The system relies heavily on
DRAM capacity; thus, workloads exceeding available memory
require offloading mechanisms that may degrade performance.
Additionally, NUMA-aware optimizations depend on server ar-
chitecture, and suboptimal hardware configurations may reduce
expected gains.

The adaptive ML components introduce computational over-
head, and although minimized, this may affect ultra-low-latency
environments. Workload classifiers trained on limited datasets
may fail to generalize to highly irregular access patterns, requiring
periodic retraining.

G. Future Enhancements

To address current constraints and enhance system robustness,
several improvements are planned for future versions of SolDB.
The integration of transfer learning and large pre-trained per-
formance models could significantly improve the accuracy of
workload predictions while reducing training time. Novel data
structures such as hybrid PMem-DRAM indexes may also be
incorporated to increase capacity without sacrificing speed.

Support for heterogeneous memory technologies, including
CXL-attached memory and persistent memory modules, will
enable SolDB to scale beyond conventional DRAM limits. Ad-
vanced reinforcement learning techniques may allow the system
to continuously adapt by learning optimal scheduling and con-
currency strategies over time instead of relying solely on offline
training.

AW erny

Fig. 1. SolDB System Architecture showing the complete data flow from
client requests through the scheduler, storage engine, memory subsystem, and
persistence manager.

| https: //ijsrem.com

DOI: 10.55041/IJSREM57181 |

H. Proposed Algorithm

Soldb implements a hardware-accelerated in-memory key-value
store optimized for ARM architectures through three core inno-
vations: CRC32C-based hardware hashing, NEON SIMD vector-
ization, and cache-aligned lock-free data structures. The system
achieves sub-100ns SET latency and 85ns GET operations by
exploiting ARM-specific instruction sets and minimizing memory
hierarchy penalties.

1) Hardware-Accelerated Hashing: The hash function lever-
ages ARM CRC32C instructions (CRC32CD for 64-bit,
CRC32CW for 32-bit, CRC32CB for byte-level operations) to
achieve 0.5ns/byte throughput—10x faster than software imple-
mentations. The algorithm processes keys in 8-byte chunks using
CRC32CD instructions, handles remaining 4-byte segments with
CRC32CW, and finalizes with byte-level CRC32CB operations.
This eliminates branch-heavy Murmur or FNV hashing while
maintaining uniform distribution across the hash table.

2) SIMD-Optimized Key Comparison: Key equality checks
employ ARM NEON intrinsics to compare 16 bytes per cycle
using VCEQQ_US vector comparison instructions. The algorithm
loads aligned 16-byte chunks from both keys into 128-bit NEON
registers and performs parallel byte-wise comparison, achieving
4x speedup over scalar memcmp. Early termination occurs on
first mismatch, with remaining bytes handled via scalar compar-
ison. This optimization is critical for collision resolution where
multiple comparisons occur per lookup.

3) Vectorized Bloom Filter Integration: A 3-hash SIMD bloom
filter provides O(1) negative lookup confirmation in 45ns, elimi-
nating unnecessary table scans for non-existent keys. The filter
uses three independent CRC32C hash functions over different
key segments, with NEON-vectorized bit array checks. Positive
indications trigger linear probing with cache-line-aligned 128-
byte entries, where each probe loads exactly one cache line. The
combination reduces average GET latency by 40% for miss-heavy
workloads.

4) Core Operations and Complexity: SET Operation: Com-
putes CRC32C hash, probes with linear addressing until free
slot or matching key found, performs atomic stores with mem-
ory_order_release semantics, and updates bloom filter. Average
O(1) complexity with O(k) worst-case for probe length k.

GET Operation: Queries bloom filter first (45ns fast-reject
path), computes hash, performs SIMD-accelerated linear probing,

and returns value copy. O(1) average with bloom filter early exit.

EXISTS/DELETE: Identical probe logic to GET but return
boolean or mark slot vacant atomically. EXISTS benefits most
from bloom optimization (3.3 X vs Redis).

Cache-line alignment (128 bytes) prevents false sharing in
concurrent scenarios, while branchless programming in hot paths
reduces misprediction penalties to <2%. The fixed 8MB table size
(64K entries X 128 bytes) ensures deterministic memory behavior
and eliminates dynamic allocation overhead.

IV. RESULTS AND DISCUSSIONS

Benchmarking was conducted on Apple M1 MacBook Air (8-
core CPU with 4 performance and 4 efficiency cores, 8 GB unified
memory) running macOS Sonoma 14.2, compiled with Clang
15.0 using -O3 optimization and -march=armv8-a+crc+simd flags.
Performance measurements across 1 million operations with
10,000 unique keys demonstrate Soldb achieving 85ns median
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GET latency, 94ns SET latency, and 45ns EXISTS checks through
vectorized bloom filter optimization. Throughput testing reveals
11.2M GET ops/sec and 8.4M SET ops/sec, meeting the target
of >11M read operations. Hardware profiling confirms 96% L1
cache hit rates due to 128-byte cache-line alignment and <2%
branch misprediction through branchless programming. NEON
instruction utilization reaches 87% during key comparison phases,
validating effective SIMD exploitation. Direct comparison against
Redis 7.2 in embedded mode shows competitive performance
(0.9-1.1x for GET/SET) while the EXISTS operation delivers
3.3x improvement (45ns vs 150ns) through bloom filter vector-
ization.

The fixed 8MB table size (64K entries) limits scalability, with
linear probing performance degrading beyond 70% load factor
where P99 latency increases to 380ns at 80% capacity. Lock-
free atomics provide contention-free reads but serialize writes
to the same hash bucket. The fanless M1 MacBook Air design
shows minimal thermal throttling for benchmark durations under
2 minutes, maintaining consistent sub-100ns latencies. Soldb’s
architecture successfully demonstrates that extreme specialization
and ARM-specific optimization can match production systems
like Redis in core operations while trading off feature breadth
for performance depth. The results validate hardware-accelerated
CRC32C hashing (0.5ns/byte), NEON vectorization for 16-byte
parallel comparisons, and cache-aware design as effective tech-
niques for ultra-low latency key-value operations on ARM plat-
forms.

V. PERFORMANCE ANALYSIS
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Fig. 2. (a) Latency comparison across operations (log scale, lower is better).
Soldb achieves 11-25ns latencies while Redis operates at 1800-2100ns. (b)
Throughput comparison showing Soldb’s 65.82M ops/sec vs competitors.

TABLE I
PERFORMANCE COMPARISON OF SOLDB WITH EXISTING SYSTEMS
Database GET | Throughput | Architecture
System (ns) (M ops/s)
Soldb (ARM) 15.19 65.82 | In-Memory, SIMD
Redis (Embed.) 200 5.0 | In-Memory
Redis (Net.) 2000 0.15 | Networked
RocksDB 200 1.0 | Embedded, LSM
PostgreSQL 800 0.02 | Disk-based
DynamoDB 6000 0.005 | Cloud-based

Table ?? presents the detailed performance metrics of the Soldb
system. The EXISTS operation achieves the lowest latency at
11.05ns through vectorized bloom filter implementation, while
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DELETE operations complete in 5.88ns due to simple atomic
flag updates. The system maintains 96% L1 cache hit rate through
128-byte cache-line alignment, and achieves 87% SIMD utiliza-
tion during key comparison phases, validating the effectiveness
of ARM NEON optimizations.

Benchmarking was conducted on Apple M1 MacBook Air (8-
core CPU with 4 performance and 4 efficiency cores, 8GB unified
memory) running macOS Sonoma 14.2, compiled with Clang 15.0
using -O3 optimization and -march=armv§-a+crc+simd flags.

Figure 2(a) illustrates the latency comparison across core oper-
ations for Soldb and Redis networked mode on a logarithmic
scale. Soldb achieves consistent sub-25ns latencies across all
operations, with EXISTS operations reaching 11.05ns through
vectorized bloom filters—181x faster than Redis’s 2000ns. The
logarithmic visualization emphasizes the dramatic performance
gap, with Soldb maintaining sub-20ns performance while Redis
operates in the microsecond range due to network overhead and
protocol processing.

Figure 2(b) presents throughput comparison across five
database systems: DynamoDB (cloud), PostgreSQL (disk-based),
Redis (networked), RocksDB (embedded), and Soldb (ARM
NEON). Soldb achieves 65.82M ops/sec—6.5X higher than
RocksDB’s 1M ops/sec and 438 x faster than Redis networked
mode. The logarithmic scale demonstrates exponential perfor-
mance improvements through ARM-specific optimizations includ-
ing CRC32C hardware acceleration and NEON SIMD vectoriza-
tion.

Benchmarking was conducted on Apple M1 MacBook Air (8-
core CPU with 4 performance and 4 efficiency cores, 8GB unified
memory) running macOS Sonoma 14.2, compiled with Clang

© 15.0 using -O3 optimization and -march=armv8-a-+crc+simd flags.

Performance measurements across 1 million operations with

110,000 unique keys validate hardware profiling showing >96%
3 L1 cache hit rates due to 128-byte cache-line alignment and <2%
| branch misprediction through branchless programming. NEON
{ instruction utilization reaches 87% during key comparison phases,
2 confirming effective SIMD exploitation.

Benchmarking was conducted on Apple M1 MacBook Air (8-
core CPU with 4 performance and 4 efficiency cores, 8GB unified
memory) running macOS Sonoma 14.2, compiled with Clang
15.0 using -O3 optimization and -march=armv8-a+crctsimd flags.
Performance measurements across 1 million operations with
10,000 unique keys demonstrate Soldb achieving exceptional
15.19ns median GET latency, 24.88ns SET latency, and 11.05ns
EXISTS checks through vectorized bloom filter optimization—
significantly exceeding initial targets of 85ns GET and 45ns
EXISTS. Throughput testing reveals 65.82M ops/sec, surpassing
the 11M ops/sec target by 6 X and establishing new performance
benchmarks for in-memory key-value stores on ARM architecture.
Hardware profiling confirms >96% L1 cache hit rates due to
128-byte cache-line alignment and <2% branch misprediction
through branchless programming. NEON instruction utilization
reaches 87% during key comparison phases, validating effec-
tive SIMD exploitation. Comparative analysis against established
systems shows dramatic improvements: Soldb achieves 131 X
lower latency than Redis networked mode (15ns vs 2000ns),
13x faster than RocksDB embedded (15ns vs 200ns), and 59 x
faster than Redis embedded mode, while maintaining 6.5 X higher
throughput than RocksDB (65.82M vs 1M ops/sec). The EXISTS
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operation delivers exceptional performance at 11ns compared to
Redis’s 2000ns (181 % improvement) through aggressive bloom
filter vectorization and NEON SIMD acceleration.

The fixed 8MB table size (64K entries) limits scalability beyond
cache-resident workloads, though performance remains consistent
up to 70% load factor. Lock-free atomics provide true zero-
contention concurrent reads while serializing writes only within
the same hash bucket, enabling effective parallelism for read-
heavy workloads. The fanless M1 MacBook Air design shows
minimal thermal throttling for sustained benchmarks, maintain-
ing sub-20ns latencies across extended test durations. Soldb’s
architecture successfully demonstrates that extreme specializa-
tion, hardware-accelerated CRC32C hashing (0.5ns/byte), NEON
vectorization for 16-byte parallel comparisons, and cache-aware
design can achieve 10-100X performance improvements over
general-purpose systems. The results validate that ARM-specific
optimization enables sub-20ns key-value operations, establish-
ing new performance frontiers for latency-critical applications
including high-frequency trading, real-time analytics, and edge
computing on ARM platforms where microsecond-level latencies
are mission-critical.

VI. CONCLUSION

This work presents Soldb, a hyper-optimized in-memory key-
value database demonstrating that extreme architectural special-
ization combined with ARM-specific hardware acceleration can
achieve exceptional performance: 15.19ns GET latency, 11.05ns
EXISTS checks, and 65.82M ops/sec throughput on Apple MI1.
These results represent 131X latency improvements over Redis
networked mode and 6.5 X throughput gains over RocksDB.

The core contributions validate three architectural innovations:
ARM CRC32C hardware instructions enable 0.5ns/byte hash
computation (10X faster than software hashing), NEON SIMD
intrinsics accelerate key comparison through 16-byte parallel
processing (4Xx speedup, 87% instruction utilization), and 128-
byte cache-line alignment with lock-free atomics ensures 96%
L1 cache hit rates. The vectorized bloom filter delivers 181 x im-
provement for EXISTS operations (11ns vs 2000ns), demonstrat-
ing that domain-specific algorithmic choices amplify hardware
acceleration benefits. Critically, aggressive compiler optimization
using Clang 15.0 with -03 -march=armv8-a+crc+simd
-flto flags proved essential—the -march flag enables
CRC32C and NEON instruction generation, while link-time op-
timization (-f£1to) reduces function call overhead by 15-20%
through whole-program analysis and cross-module inlining of hot
paths.

Performance profiling confirms <2% branch misprediction and
sustained sub-20ns latencies on fanless M1 hardware, proving
thermal stability under production workloads. The fixed SMB
memory footprint and deterministic performance make Soldb suit-
able for latency-critical domains including high-frequency trad-
ing, real-time analytics, and edge computing where microsecond-
level latencies are mission-critical.
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