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ABSTRACT

The exponential proliferation of heterogeneous data formats in contemporary enterprise environments imposes significant 1/0
and computational overhead on conventional file-processing architectures. This paper presents the design and implementation
of a Python-based file parser engineered for large-scale data conversion, leveraging the high-performance Polars DataFrame
engine, Apache Arrow's zero-copy columnar memory model, and Django's asynchronous request-handling framework. The
proposed system adopts an Out-of-Core, chunk-based streaming paradigm to circumvent RAM saturation when processing
datasets that substantially exceed available system memory. A formal iterative algorithm decomposes the parsing pipeline into
six discrete stages: input validation, schema inference, APl writer initialization, iterative chunk processing, metadata
finalization, and controlled termination. Empirical evaluations conducted on synthetic datasets of varying scale demonstrate that
migration from CSV to the Apache Parquet format yields an average storage reduction of approximately 80%, while vectorized
columnar transformations, accelerated via SIMD instruction sets embedded within the Rust-compiled Polars backend, reduce
query latency by up to 6.4x. The system architecture adheres to a strict Three-Tier pattern, separating presentation, application
logic, and data persistence concerns. The empirical evidence suggests that the proposed framework constitutes a viable,
production-grade solution for organizations confronting the growing challenges of big data ingestion and format

interoperability.

mechanisms: (i) Out-of-Core chunk-based ingestion, which
I. INTRODUCTION reads data in bounded-size segments; (ii) vectorized columnar
transformation via the Polars DataFrame engine, which
exploits Apache Arrow's in-memory columnar format and
Rust's native SIMD extensions; and (iii) zero-copy inter-
process communication, enabled by Arrow's IPC protocol,

The modern data engineering landscape is characterised by an
unprecedented proliferation of incompatible file formats —
including QSV’ JSON, XML, _Avro, ORC, and Par_quet . which eliminates redundant serialisation overhead during
each encoding structural semantics in fundamentally divergent multi-stage pipeline execution

representations. Organisations ingesting telemetry streams, . . o .
transactional ledgers, or scientific sensor logs routinely ~The remainder of this paper is structured as follows: Section I
encounter datasets whose volume surpasses the physical RAM ~ Synthesises the extant literature on large-scale file parsing and
capacity of any single commodity server. This structural —In-memory computation. Section IlI details the proposed Out-
mismatch between data volume and available memory Of-Core methodology. Section IV delineates the Three-Tier

constitutes the central 1/0 bottleneck in contemporary data Design Architecture. Section V presents the formal algorithm
pipelines. and pseudocode. Section VI reports experimental results and

comparative analysis. Section VIl concludes with directions

. ] ) for future research.
Row-oriented formats such as CSV persist all fields of a

record contiguously, rendering full-row retrieval efficient but

column-selective analytical queries prohibitively expensive. Il.  LITERATURE REVIEW
Conversely, columnar formats such as Apache Parquet or
ORC store each attribute in contiguous memory segments,
enabling aggressive predicate pushdown and SIMD-
accelerated scans. The impedance mismatch between source
row-oriented data and target columnar analytical systems
necessitates an intelligent, high-throughput parser capable of
performing schema-aware, streaming transformations without ~A. Rule-Based and ETL Frameworks

loading entire datasets into addressable memory. Early Extract-Transform-Load (ETL) systems such as Apache
This paper introduces such a system — a Python-based file Kettle (Pentaho) and Talend Open Studio employed
parser architected for large-scale data conversion — which declarative transformation graphs wherein each data element
resolves the 1/0 bottleneck through three interlocking traversed a pre-defined sequence of typed operators [1]. While

The evolution of file-parsing and data conversion technology
spans three distinct paradigms: rule-based transformation
engines, in-memory relational processors, and modern
vectorized columnar runtimes.
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robust for well-structured relational sources, these systems
exhibited quadratic memory scaling with respect to dataset
cardinality, and their row-at-a-time processing model
precluded exploitation of modern CPU cache hierarchies.

B. In-Memory Columnar Computation

The introduction of Apache Arrow in 2016 by Wes McKinney
et al. marked a pivotal transition from row-oriented to
columnar in-memory representation [2]. Arrow's language-
agnostic IPC format eliminated the need for de/serialisation
between Python, Java, and C++ runtimes, reducing inter-
process data transfer overhead by up to 10x. Concurrently,
Dask and Vaex proposed out-of-core DataFrame abstractions
that partitioned large datasets into pandas-compatible chunks,
though their Python-native execution layers imposed
significant GIL-contention overhead under multi-threaded
workloads [3].

C. Rust-Backed Vectorized Engines

The Polars library, first published by Ritchie Vink in 2020,
addressed the GIL-contention limitation by implementing its
entire execution kernel in Rust, leveraging LLVM's auto-
vectorisation to emit SIMD instructions (SSE4.2, AVX2,
AVX-512) for arithmetic and comparison predicates [4].
Empirical benchmarks published by H20.ai (2023)
demonstrated that Polars achieves query throughput 4-8x
superior to pandas and 2-3x superior to Dask on standard
GroupBy-Join workloads at 10 GB scale [5].

D. Parquet and Compression Research

Dremel, the columnar storage system underlying Google
BigQuery, established the theoretical foundations for nested
columnar encoding using Repetition and Definition levels [6].

Subsequent implementations — including Apache Parquet,
which  employs Dremel's encoding with pluggable
compression codecs (Snappy, Zstd, LZ4) — have

demonstrated consistent 5-8x storage reduction compared to
uncompressed CSV for real-world tabular datasets [7]. Lemire
et al. demonstrated that SIMD-based bitpacking, the
compression primitive underlying Parquet's RLE/Bit-packed
encoding, achieves throughput exceeding 2 GB/s on
commodity hardware [8].

E. Web Framework Integration

Django's asynchronous views, introduced in version 3.1 and
matured in 4.2, permit long-running parsing jobs to be
dispatched without blocking the HTTP request thread,
enabling concurrent handling of multiple conversion requests
[9]. Integration with Celery-based task queues further
decouples ingestion latency from API response latency, a
pattern validated in production by organisations processing
multi-terabyte daily data volumes [10]

I11. PROPOSED SYSTEM

A. Out-of-Core Processing Paradigm

The proposed parser adopts an Out-of-Core computational
model, wherein the working set at any processing instant is
bounded by a configurable chunk_size parameter (default:
65,536 rows), irrespective of total dataset cardinality. This
design ensures that peak RAM utilisation scales with
O(chunk_size x column_count x dtype width) rather than
O(total_rows x column_count x dtype_width), transforming
an otherwise memory-prohibitive operation into one feasible
on standard 16 GB development hardware.

Formally, let D denote the input dataset of cardinality N rows.
The parser partitions D into a sequence of non-overlapping
chunks Ci, Ca, ..., Cx where k = [N / chunk_size]. Each chunk
Ci is independently ingested, transformed, and sunk into the
output buffer before the subsequent chunk is loaded,
guaranteeing that at most one chunk resides in addressable
memory simultaneously.

B. Schema Inference and Vectorised Transformation

Schema inference is performed on the first chunk Ci using
Polars' native type inference engine, which samples a
configurable number of rows and probabilistically assigns the
most specific Arrow data type (e.g., Int64, Float32, Utf8,
Boolean, Date32) to each column. This inferred schema is
then enforced as a fixed contract across all subsequent chunks,
preventing type coercion failures that arise from late-
appearing anomalous records.

Vectorised transformation maps each input column vector to
its corresponding output representation via SIMD-parallelised
operations. Numeric casts, string normalisation, and null-fill
operations are expressed as Arrow Compute function calls,
which are dispatched to AVX2 or AVX-512 execution units
when available, achieving throughput proportional to the
SIMD lane width (8 Float32 operations per clock cycle on
AVX2).

C. Zero-Copy Architecture

The zero-copy property of Apache Arrow's IPC protocol is
exploited at the inter-stage boundary between the
transformation and sink phases. Rather than serialising the
transformed Arrow RecordBatch to an intermediate Python
object and then deserialising it within the Parquet writer, the
parser passes the raw buffer pointer directly to the PyArrow
ParquetWriter, which maps the Arrow memory layout directly
onto the Parquet row-group encoding without copying. The
computational overhead is thereby mitigated through
elimination of redundant memory allocation and deallocation
cycles, reducing sink latency by approximately 35% compared
to pandas-based serialisation pipelines.

IV. DESIGN ARCHITECTURE
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The system adheres to a Three-Tier Architectural Pattern that
enforces strict separation of concerns across Presentation,
Application, and Data layers. The temporal latency was
minimised by isolating 1/0-bound operations within the Data
Layer —and  offloading  CPU-intensive  vectorised
transformations to the Application Layer's Polars execution
engine.

A. Presentation Layer

The Presentation Layer exposes a Django-rendered web
interface styled with a Glassmorphism aesthetic —
characterised by frosted-glass translucency, backdrop blur
filters, and subtle gradient borders — implemented via
Tailwind CSS utility classes. Users interact with a responsive
file-upload form that accepts CSV, JSON, TSV, and Excel
inputs and transmits them as multipart/form-data payloads to
the Application Layer's REST endpoint. Real-time parsing
progress is surfaced via Server-Sent Events (SSE), providing
chunk-level throughput metrics without polling overhead.

B. Application Layer

The Application Layer comprises a Django asynchronous
view that orchestrates the parsing pipeline. Upon receiving a
validated upload, it instantiates the Chunk Manager with the
inferred schema and delegates iterative chunk processing

C. Data Layer

The Data Layer manages both input and output file 1/O via
Apache Arrow's FileSystem abstraction, which provides a
unified interface across local POSIX filesystems, Amazon S3-
compatible object stores, and in-memory buffers. Parsed
output is persisted as Parquet files with Snappy compression
enabled by default, while the original input is retained in a
quarantine store for audit purposes. Arrow's IPC protocol
facilitates zero-copy handoff between the in-memory
transformation buffer and the Parquet sink.

PRESENTATION LAYER

Django Templates
RESTAPI Client
Glassmorphism Ul
JSON Response View

HTTP / WebSocket

APPLICATION LAYER

Django Views
Parser Engine (Polars)
Chunk Manager
Schema Inference
Error Handler
Cost Estimator

Arrow IPC / File 110

DATA LAYER

CSV/ JSON / Parquet Input Files
Apache Arrow In-Memory Buffer
Parquet / JSON Output Sink

Fig. 1. Three-Tier Architecture — Vertical data flow from user
interface through parsing  engine to columnar storage.

V. IMPLEMENTATION & ALGORITHM

A. The Six-Stage Streaming Algorithm

The core parsing algorithm decomposes the conversion task
into six sequentially dependent stages that collectively
implement the Out-of-Core streaming paradigm. The formal
pseudocode is presented below:

ALGORITHM: StreamingFileParser

INPUT : file_path, output_format,
chunk_size = 65536
OUTPUT: output_file, metadata

STEP 1 — Input Validation
validate file_path exists and is readable
assert extension € {csv, json, tsv, xIsx}
assert output_format € {parquet, json, csv}
if invalid — raise ValidationError, TERMINATE

STEP 2 — Prompt Metadata Extraction
Ci « read_chunk(file_path, rows=1000)
schema « infer_schema(C:)
N « estimate_total rows(file path)
k « [N/ chunk_size]
metadata < {schema, N, k, est output size}

STEP 3 — API Writer Initialization
writer «— ParquetWriter(output_path, schema)
reader «— ChunkedReader(file path,
chunk_size=chunk_size)
cost_accum «— CostAccumulator()

STEP 4 — lIterative Chunk Loop
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FORi=1TO kDO
Ci « reader.next_chunk()
IF Ci is None THEN BREAK
Ci < validate_schema(C;, schema)
Ci < vectorized_transform(C;)

batch < to_arrow_record_batch(C;)
writer.write_batch(batch) // zero-copy
cost_accum.update(batch.nbytes)
emit_sse_progress(i, k)

END FOR

STEP 5 — Metadata Finalization
writer.close()
metadata.actual _output size «— get file size()
metadata.compression_ratio «—
input_size / metadata.actual_output_size
metadata.duration < elapsed time()
metadata.throughput < N / metadata.duration

STEP 6 — Termination
reader.close()
log_audit_record(metadata)
RETURN output_file, metadata

B. Vectorized Transformation Engine

The vectorized_transform function in Step 4 invokes Polars'
lazy evaluation API, constructing a directed acyclic
computation graph (LazyFrame) that is optimised by the
Polars query planner before physical execution. The planner
applies predicate pushdown, projection elimination, and
common subexpression elimination, reducing the number of
Arrow Compute function dispatches by 30-50% on typical
mixed-type schemas. The LazyFrame is materialised
via .collect(), which triggers parallel evaluation across all
available CPU cores using Rayon's work-stealing thread pool.

The SIMD acceleration pathway is activated automatically
when the host CPU reports SSE4.2, AVX2, or AVX-512
capability flags via CPUID. On supported hardware, 256-bit
AV X2 registers process eight 32-bit floating-point values per
instruction, yielding a theoretical peak throughput of 16
GFLOPS on a single 4 GHz core — a throughput regime
previously achievable only with dedicated GPU acceleration.

VI. EXPERIMENTAL RESULTS &
DISCUSSION

Experiments were conducted using synthetic tabular datasets
generated to represent realistic enterprise data profiles: a 5 GB
mixed-type CSV (numerical, categorical, temporal, and text
columns), a 2 GB nested JSON event log, and a 10 GB flat
TSV transactional record. All benchmarks were executed on
the hardware configuration detailed in Table I, averaged over
five independent runs to mitigate variance from filesystem
caching effects.

A. Storage Reduction Analysis

comparative analysis of storage requirements and query
performance characteristics across the four principal file
formats evaluated. The empirical evidence suggests that
conversion from CSV to Parquet with Snappy compression
yields a mean storage reduction of 79.6% — closely aligning
with the theoretical 80% projection derived from the Dremel
encoding model. Conversion to Apache Arrow IPC format
yielded an 73.2% reduction while maintaining strictly superior
read throughput, at the cost of marginally larger file sizes than

Parquet.

B. Throughput and Latency Results

The Out-of-Core parser sustained a mean ingestion throughput
of 812 MB/s for CSV-to-Parquet conversion on the 10 GB
dataset, compared to 128 MB/s for an equivalent pandas-
based implementation — a 6.34x improvement attributable to
Polars' SIMD-vectorised read kernel. Memory headroom was
capped at 1.8 GB peak RSS, representing 18% of available
physical RAM, regardless of input file size, validating the
theoretical O(chunk_size) memory complexity claim.

Schema inference latency on the first chunk (1,000-row
sample) averaged 142 ms, of which 98 ms was attributable to
type disambiguation for high-cardinality Utf8 columns. A
configurable schema_cache mechanism reduces this overhead
to under 5 ms for repeated conversions of structurally
identical sources, as the inferred schema is persisted in a
lightweight JSON manifest alongside the output Parquet file.

C. Scalability Under Concurrent Load

Django's asynchronous view dispatcher, backed by a four-
worker Celery pool, sustained 12 concurrent parsing requests
against a shared 16 GB RAM budget without triggering out-
of-memory termination events, owing to the bounded
chunk_size memory ceiling. Temporal latency was minimised
by routing each Celery worker to a dedicated CPU core via
taskset affinity, eliminating cross-core cache invalidation
overhead during SIMD-parallelised chunk processing

VIl. CONCLUSION & FUTURE WORK

A. Conclusion

This paper has presented the design, implementation, and
empirical validation of a Python-based file parser for large-
scale data conversion. By combining Out-of-Core chunk-
based streaming, Polars' Rust-native SIMD vectorisation,
Apache Arrow's zero-copy columnar memory model, and
Django's asynchronous request handling, the proposed system
achieves a 6.34x throughput improvement over conventional
pandas-based pipelines while constraining peak memory
utilisation to a bounded O(chunk_size) footprint. The Parquet
serialisation pathway delivers an average 80% storage
reduction relative to CSV baselines, confirming the system's
viability as a production-grade ETL component for
organisations confronting big data ingestion challenges.

The Three-Tier Architectural Pattern ensures clean separation

between the Glassmorphism-styled Presentation Layer, the
Polars-powered Application Layer, and the Arrow IPC-
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connected Data Layer, facilitating independent scaling and
technology substitution at each tier. The formal six-stage
algorithm provides a reproducible, verifiable specification
suitable for peer review and third-party implementation.

B. Future Work

Several promising extensions are identified for future research:

(i) Integration with cloud-native object storage sinks such as
Amazon S3 and Google Cloud Storage via Arrow's
S3FileSystem adapter, enabling direct Parquet-on-S3 output
without local disk intermediary; (ii) Adoption of Delta Lake
or Apache Iceberg table formats to provide ACID transaction
semantics and time-travel query capability over the output
Parquet partitions; (iii) Deployment of an ML-based schema
fingerprinting model to eliminate schema inference latency for
recurring source formats, reducing the cold-start overhead
from 142 ms to sub-millisecond; (iv) Extension of the SIMD
execution pathway to GPU acceleration via the RAPIDS cuDF
library, targeting 10-50x% additional throughput gains on
NVIDIA A100-class hardware for datasets exceeding 100 GB.
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