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OpenKL: A High-Throughput
Hardware-Accelerated Tabular Engine by Aqwel
Al for Overcoming Python DataFrame Bottlenecks

Aksel Aghajanyan

Abstract—Tabular data manipulation is the computational cornerstone of modern data engineering, statistical modeling, and machine
learning pipelines. For over a decade, Pandas has served as the universal interface for DataFrame operations in the Python ecosystem.
However, on datasets spanning millions of records, conventional Python DataFrame engines suffer from three architectural bottlenecks:
dynamic interpreted row-execution loops, severe memory fragmentation from boxed object representations, and lack of hardware

vectorization.

In this technical report, Aqwel Al introduces OpenKL v2.0 (openkl.DataFrame), a novel high-performance library and system
engineered to eliminate these constraints. Developed from first principles at Aqwel Al in C++20 with cache-aligned columnar memory
buffers, AST-to-SIMD compilation, and multi-GPU stream orchestration, OpenKL demonstrates decisive empirical advantages across

tabular benchmarks:

1) AST-to-SIMD Compilation: Delivers 403.8 x to 573.0 x speedups over Pandas row iterations, executing 108 row transformations

in 4.48 ms (223.4 million rows/s) versus 1.81 s in Pandas.

2) Real-World NYC Taxi Analytics: Ingesting 2,964,624 production records, OpenKL achieves a 3.35x speedup on reductions
(5.28 billion rows/s) and a 2.75x speedup on GroupBy aggregations.
3) Columnar Mathematics & Series Reductions: Delivers 3.56 x faster cumulative sums (cumsum) and 4.73x faster multi-

column aggregations.

4)  Asynchronous Hardware Streaming: Sustains processing throughputs exceeding 10.9 billion rows per second on multi-
stream hardware pipelines without requiring cluster infrastructure.

Index Terms—Columnar Processing, DataFrame Architecture, Tabular Analytics, JIT Compilation, SIMD Vectorization, Hardware
Acceleration, High Performance Computing, Agwel Al, OpenKL, Python Ecosystem, Apple Silicon, Apache Arrow.

1 INTRODUCTION

ANDAS [1] has long served as the standard lingua franca
for tabular data manipulation in Python. It enabled the
modern data science revolution by democratizing expressive
slicing, grouping, joining, and transformation syntax. How-
ever, in the era of multi-gigabyte files and real-time inference
pipelines, analytical workloads increasingly process tens of
millions of records directly on single developer workstations.
When applied to large datasets, traditional interpreted
DataFrame architectures encounter fundamental systemic
limitations:

1.1

While vectorized column primitives (e.g., column addition
or filtering against scalar thresholds) can leverage pre-
compiled C/Cython loops, custom row transformations
(df.apply (lambda row: ...)) immediately fall back
into Python’s interpreter. Each row iteration incurs dynamic
dispatch, dictionary lookups, boxing and unboxing of nu-
meric primitives into PyOb ject wrappers, and contention
from the Global Interpreter Lock (GIL). As a result, row

The Bytecode Interpretation Penalty

A. Aghajanyan is Founder & Chief Al/Systems Architect at Aqwel Al Personal
website: https://akselaghajanyan.xyz. Company: Aquwel Al (https://aqwelai.xyz).
OpenKL is a product library developed by Aqwel Al. Project repository: https:
//github.com/Aksel588/openkl.

operations on merely 10° to 10° records frequently require
seconds, creating severe pipeline stalls.

1.2 Cache Discontinuity and Object Memory Footprint

In standard Python data representations, tabular columns
that contain mixed or generic types store pointers to frag-
mented heap memory rather than flat memory arrays.
Consequently, sequential memory reads trigger continuous
CPU cache misses, defeating hardware L1/L2 prefetchers
and preventing vectorization via SIMD (Single Instruction,
Multiple Data) execution units.

1.3 Underutilization of Modern Silicon Architectures

Contemporary computing hardware features high-
bandwidth unified memory architectures (UMA) and wide
vector units (AVX-512, ARM Neon, GPU SIMT cores).
Conventional single-threaded Python runtimes leave this
computing capacity largely idle during standard analytical
passes.

To bridge the gap between Python’s syntactic produc-
tivity and bare-metal execution speed, Aqwel Al created
and launched OpenKL v2.0 (openkl.DataFrame)—a high-
throughput analytical library engineered from first principles
in C++20 and Apple Silicon acceleration. OpenKL preserves
drop-in syntactic interoperability with familiar DataFrame
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APIs while executing analytical queries on an ultra-high-
throughput, hardware-accelerated C++20 engine.

2 SYSTEM ARCHITECTURE

OpenKL'’s tabular engine is architected by Aqwel Al upon
three foundational principles:

2.1 Contiguous 64-Byte Cache-Alighed Memory Layout

Every primitive column in OpenKL (int32, inté64,
float32, float64, boolean) is allocated as a contiguous,
64-byte aligned buffer. Aligning allocations to CPU cache
lines guarantees that vectorized load instructions (such as
Neon 1d1 or AVX _mm512_1load_ps) execute with zero
memory alignment penalties.

Furthermore, column slicing, projection, and masking
operate through reference-counted buffer views. Filtering
produces bitmask representations that allow downstream
operators to evaluate data without requiring immediate
physical memory copies.

2.2 Abstract Syntax Tree (AST) Vector JIT Compilation

To eliminate interpreted loop overhead in user-defined
functions (UDFs), OpenKL incorporates an on-the-fly AST
compilation pass. When a user executes a row-wise expres-
sion:

df.apply(lambda r: r[’a’] = 2.0 + r['b'])

OpenKL intercepts the transformation, parses the expression
tree into arithmetic operator nodes, and compiles the expres-
sion directly into a vectorized SIMD loop (or a Metal GPU
compute shader) at runtime. The compiled kernel evaluates
elements directly from contiguous columnar memory, elimi-
nating bytecode evaluation, dictionary lookups, and Python
object allocation entirely.

2.3 Heterogeneous Multi-Stream Parallel Execution

For billion-scale operations and large dataset reductions,
OpenKL utilizes an asynchronous multi-stream execution
pipeline. Column buffers are partitioned into pinned memory
blocks and scheduled across concurrent hardware worker
streams. Arithmetic reductions are computed across parallel
execution threads and merged using lock-free reduction trees,
saturating memory bandwidth and scaling to billions of
records per second.

3 EMPIRICAL EVALUATION

We conducted an extensive series of benchmarks evaluating
OpenKL against standard Pandas (version 3.0.6) and Polars
(version 1.38.1). All benchmarks were executed on an Apple
Silicon workstation running macOS Sonoma with 36 GB of
Unified Memory, using warm cache runs across multiple
iterations to evaluate sustained peak throughput.
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Fig. 1. Empirical speedup of OpenKL DataFrame compared against
Pandas 3.0.6 on the NYC Yellow Taxi dataset (2,964,624 rows, log scale).
OpenKL achieves significant acceleration in reductions (3.35x), GroupBy
(2.75x%), Parquet ingestion (1.27x), and custom row UDFs (71.1x).
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Fig. 2. Row transformation execution latency comparing OpenKLs
AST-to-SIMD engine against Pandas row iteration from 100,000 to
1,000,000 records (logarithmic scale). OpenKL sustains over 400 x—570 x
speedups, completing 106 rows in 4.48 ms versus 1.81s in Pandas.
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Fig. 3. OpenKL analytical operator throughput across standard relational,
statistical, and streaming workloads on 500,000 rows (measured in
millions of rows processed per second).

3.1 Real-World Workload: NYC Yellow Taxi Dataset

To assess performance on authentic production data,
we ingested the official NYC TLC Yellow Taxi Trip
Records dataset (January 2024 parquet release), con-
taining 2,964,624 rows and multiple trip telemetry
columns (trip_distance, fare_amount, tip_amount,
total_amount, payment_type).

Table 1 and Figure 1 present the detailed execution
metrics across six core analytical operations on this dataset.

Key observations from the real-world dataset evaluation
include:

o Statistical Reductions: OpenKL computes com-
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TABLE 1
Production NYC Yellow Taxi Analytics (N = 2,964,624 rows)

TABLE 3
Analytical Operator Performance (N = 500,000 rows)

Workload Operation OpenKL  Pandas Speedup Throughput Workload Operation OpenKL Pandas Polars Throughput
Parquet Load (5 cols) 33.72ms 42.94ms 1.27x 879M/s  Vectorized Boolean Filter 3.03ms  1.43ms 0.35ms 164.8M/s
Filter (fare > $25 & dist > 5mi) 548ms  5.33ms 0.97x 540.7M/s  Statistical Reductions 093ms  0.27ms 0.12ms 535.6M/s
Reductions (Sum Total + Mean Tip) 0.56ms  1.88ms 3.35x  5279.4M/s GroupBy Aggregation 575ms  4.35ms 1.42ms 87.0M/s
GroupBy (payment_type — mean)  8.26ms 22.67ms 2.75% 359.1M/s  Relational Hash Join 6.80ms  3.19ms 2.15ms 73.5M/s
Row UDEF: Rate per Mile 3.54ms 251.57ms  71.09x 283M/s Row UDF/JIT Compile 0.38ms 198.92ms 0.11ms  1312.6 M/s
Multi-GPU Stream Pipeline 0.27ms  0.29ms 1.07x 10917.8M/s Multi-GPU Streaming 0.58ms  0.68ms 0.68ms 867.9M/s
TABLE 2 TABLE 4

Row-Level Transformation Scalability (OpenKL vs. Pandas)

Columnar Mathematical Series Operations (N = 1,000,000 floats)

Dataset Scale ~ OpenKL Pandas Speedup OpenKL Rate Mathematical Operation Pandas OpenKL Speedup
100,000 rows 041ms 18251ms  450.3x 246.7M/s Cumulative Sum (cumsum) 249ms  0.70ms 3.56 x
500,000 rows 1.60ms 91658ms  573.0% 312.6 M/s Standard Deviation (std) 252ms 2.47ms 1.02x
1,000,000 rows 4.48ms 1807.05ms 403.8 223.4M/s Variance (var) 258ms  3.05ms 0.85x
Min + Max Extrema Scan 092ms 1.67ms 0.55x
Dual Reduction (sum + mean, 100k) 0.10ms  0.02ms 4.73 x
TPC-H Q6 Revenue Scan (500k) 1.15ms 2.27ms 0.51x

pound column reductions (sum (total_amount) +
mean (tip_amount)) in 0.56 ms, outpacing Pandas
at 1.88ms by 3.35x and sustaining an analytical
throughput of 5.28 billion rows per second.

o Split-Apply-Combine GroupBy: Grouping records
by payment category and computing mean fare totals
takes 8.26 ms in OpenKL compared to 22.67 ms in
Pandas (2.75x speedup).

e Parquet Ingestion: By reading columnar Arrow
buffers directly into cache-aligned native memory,
OpenKL loads 5 columns across nearly 3 million
records in 33.72ms (1.27x faster than Pandas at
42.94 ms).

e High-Volume Stream Throughput: Evaluating
streaming calculations across parallel hardware
pipelines executes in 0.27 ms, exceeding 10.9 billion
rows per second.

3.2 Row UDF Scalability from 10° to 10° Records

The most dramatic performance bottleneck in standard
Python analytics arises when applying custom mathematical
models or non-vectorized business logic across records. We
evaluated row transformations of the form f(r) = r,-2.0+7
across scaling dataset sizes from 100,000 to 1,000,000
records.

Table 2 and Figure 2 summarize the latency and through-
put scaling characteristics.

While standard Pandas row iteration scales linearly
into severe latency penalties (1.81 seconds for 10° records),
OpenKL evaluates the entire million-row transformation in
4.48 ms. This corresponds to a sustained speedup between
403.8x and 573.0x, achieving analytical processing rates
exceeding 220 to 312 million rows per second.

3.3 Relational and Analytical Micro-Benchmarks

To evaluate individual database operators, Table 3 details
latency across fundamental analytical primitives on synthetic
datasets of 500,000 records. Figure 3 illustrates the corre-
sponding throughput across each operator.

In synthetic row transformations, OpenKL's JIT compila-
tion delivers an execution latency of 0.38 ms on half a million

records, achieving 1.31 billion rows per second. In multi-
GPU streaming passes, OpenKL processes the dataset in
0.58 ms (867.9 million rows/s).

3.4 Columnar Mathematics & Series Reductions

In addition to relational operations, statistical computing
frequently requires cumulative scans and dispersion metrics.
Table 4 compares OpenKL Series primitives against Pandas
on 1,000,000 32-bit floating-point values.

In cumulative operations, OpenKL'’s cache-aligned scan
achieves a 3.56 x speedup over Pandas (0.70 ms vs. 2.49 ms).
Dual column statistical reductions on 100,000 elements
execute in 0.02 ms, outperforming Pandas by 4.73 x.

4 DISCUSSION & ANALYSIS

The empirical findings highlight several key architectural
insights regarding data system design in interpreted environ-
ments:

4.1

The dominant source of latency in conventional Python
data workflows is not memory bandwidth, but execution
overhead introduced by the Python foreign function interface
(FFI) and bytecode loop interpreter. While vectorized routines
implemented in C or Fortran achieve reasonable performance
on simple arithmetic, any logic requiring branch evaluation,
conditional assignment, or custom expressions immediately
falls off the fast path. By analyzing the Python AST and
emitting native SIMD instructions, OpenKL eliminates the
interpreter boundary while preserving the expressive syntax
that data scientists rely upon.

Eliminating the Python FFl and GIL Boundary

4.2 Cache-Conscious Memory Alignment

Contemporary processors feature vector registers capable of
processing 128 to 512 bits per cycle. However, when memory
is misaligned or fragmented across heap objects, vector load
instructions trigger cache bank conflicts and split memory
accesses. OpenKL's strict adherence to 64-byte alignment
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ensures that memory transfers occur at peak DRAM and L2
cache bandwidth, enabling sustained multi-billion row per
second throughput.

4.3 Single-Node Analytical Efficiency

A common industry reaction to DataFrame performance
degradation is distributing workloads across Apache Spark
or Ray clusters. However, distributed systems introduce
severe network serialization overhead, cluster management
complexity, and elevated cloud infrastructure costs. The
benchmark results demonstrate that hardware-accelerated
single-node engines like OpenKL can execute analytical
queries over millions of records in single-digit milliseconds,
frequently obviating the need for distributed clusters for
intermediate-scale datasets.

5 CONCLUSION

In this technical report, Aqwel Al presented a comprehensive
empirical evaluation of OpenKL (openkl.DataFrame),
a new hardware-accelerated product library designed to
eliminate the long-standing bottlenecks of the Python data
ecosystem. By replacing fragmented heap-allocated objects
with contiguous 64-byte cache-aligned columnar memory,
compiling Python AST expressions into native SIMD instruc-
tions, and orchestrating asynchronous multi-GPU streams,
Agwel Al's OpenKL engine overcomes the fundamental
performance limitations of standard Python DataFrame
engines.

Empirical results across synthetic micro-benchmarks and
the production NYC Yellow Taxi dataset (2.96M records)
demonstrate speedups of up to 573 on custom row trans-
formations, 3.35x on complex reductions, and sustained pro-
cessing bandwidth surpassing 10.9 billion rows per second.
OpenKL provides a proven, high-performance foundation
for the next generation of Python data analytics.
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