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Abstract

The rapid growth of large language models (LLMs) has created an unprecedented demand for
scalable preprocessing systems that can handle petabyte-scale, multilingual datasets in real
time. Existing big data frameworks, originally developed for general machine learning
applications, struggle to meet the specific challenges associated with training LLMs,
particularly in areas such as deduplication, quality assessment, and tokenization at web scale.
This paper presents a distributed systems framework tailored for real-time feature engineering
within LLM workflows. The architecture employs a multi-tier microservices strategy, utilizing
locality-sensitive hashing (LSH) for near-linear deduplication, an adaptive machine learning-
based quality scoring mechanism, and a parallelized tokenization system. Optimized MinHash-
LSH parameters (128 hash functions, 16 bands) achieve a recall of 94.7% at similarity
thresholds of 0.8 or higher, with a false positive rate below 3%.

The quality evaluation aspect, which encompasses linguistic, semantic, structural, and domain-
specific characteristics, achieves an accuracy of 85% and demonstrates a strong correlation
with human annotations (r=0.782). When assessing 450 TB of diverse text, the system delivers
a 3.2x increase in throughput (50.2 million documents per hour), a 41% decrease in costs
($0.083 per million documents), and a 35% enhancement in energy efficiency compared to
Apache Spark, Flink, and other commercial benchmarks, while maintaining sub-3-second P95
latency and 99.7% uptime over a six-month period. Testing with GPT-2 Medium reveals a 12%
reduction in perplexity, a 35% faster convergence, and an increase of +8.3 in the GLUE score.
The full implementation and reproducibility resources are made available as open source,
encouraging validation and broader access. These results demonstrate how domain-specific,
integrated systems can improve the efficiency, fairness, and sustainability of forthcoming LLM
infrastructures.

1. Introduction

The unprecedented volume of data necessary for training large language models (LLMs)
heightens pre-existing issues in data preprocessing. Unlike conventional machine learning
workflows that generally utilize fixed datasets and infrequent retraining, the development of
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LLMs relies on continuously refreshed, diverse collections that encompass various modalities,
languages, and fields. Consequently, the preprocessing phase has shifted from being a
secondary issue to a crucial element that influences the efficiency, cost, and fairness of the
model.

Current big data platforms like Apache Spark and Flink have shown to be effective for large-
scale analytical tasks, yet they were not specifically designed to meet the unique requirements
of text-focused, real-time feature engineering on a web scale. Their tendency towards a batch-
first approach and generalized abstractions can lead to less than ideal latency, inefficient
resource utilization, and inadequate flexibility for language-specific processes like tokenization
or semantic filtering. Although commercial platforms such as Databricks or Snowflake are
highly optimized for enterprise-level analytics, they similarly falter when applied to scenarios
that require continuous data ingestion, multilingual deduplication, and extremely low-latency
streaming for LLM training.

In addition, the challenges go beyond merely achieving system throughput. The quality of the
data is a pivotal factor influencing LLM generalization. Research including Chinchilla and
RefinedWeb indicates that scaling laws support the use of high-quality, deduplicated, and
domain-diverse datasets instead of merely enlarging the data corpus indiscriminately.
Furthermore, ethical and societal issues such as bias enhancement, fairness for low-resource
languages, and sustainable environmental practices, necessitate that preprocessing frameworks
address not only technical improvements but also accountability measures.

Considering this situation, there is an increasing acknowledgment that dedicated distributed
systems for LLM preprocessing are crucial. These systems need to blend architectural
innovations (for instance, microservices for data ingestion and transformation), algorithmic
improvements (such as scalable deduplication utilizing locality-sensitive hashing), and
adaptive strategies (like machine learning-based quality assessment). Importantly, these
solutions should be reproducible, extensible, and readily accessible, facilitating both large-
scale industrial applications and academic research.

This paper confronts these issues by presenting a distributed systems framework specifically
designed to cater to the distinct needs of LLM training pipelines. Our strategy focuses on real-
time data ingestion, scalable deduplication, adaptive quality filtering, and parallelized
tokenization, validated through comprehensive experiments on datasets exceeding terabytes in
size. By showcasing both enhancements in performance and reproducibility, this work pushes
forward the frontier of scalable Al infrastructure while also contributing to the wider objectives
of fairness, accessibility, and sustainability in the realm of LLM development.

2. Literature Review and Related Work
2.1 Large Language Model Data Requirements and Challenges

The connection between data quality and LLM performance has been emphasized across
multiple studies. Brown et al. demonstrated that GPT-3’s emergent capabilities stemmed from
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training on a diverse, high-quality corpus of over 300 GB (compressed), underscoring the trade-
offs between dataset scale and quality [7]. Hoffmann et al. later showed with Chinchilla that
data quality often outweighs sheer model size, suggesting that optimal training strategies
require advanced curation pipelines [8].

More recently, Penedo et al. introduced RefinedWeb, demonstrating that systematically filtered
and deduplicated web data can rival curated datasets while providing greater scale [9]. Soldaini
et al. released Dolma, a three-trillion-token corpus, highlighting that 60—70% of raw web-
crawled data must be discarded or cleaned before use [10]. The Common Crawl dataset,
frequently used in LLM training, spans more than 380 TB but presents substantial quality
disparities across languages, domains, and timeframes. Raffel et al. noted the challenges of
harnessing such diverse corpora while balancing efficiency and model performance [11].

2.1.1 Problem Statement and Motivation

Conventional data processing workflows, initially created for smaller machine learning tasks,
are not adequate for the requirements of LLM-scale operations. The challenges grow more
severe as the size and diversity of the datasets increase:

Volume Scalability: Handling terabytes of multilingual and multi-format text sourced from a
variety of origins (web crawls, books, academic articles, code repositories) while guaranteeing
consistent throughput.

Quality Assurance: Developing filters that can differentiate high-quality training data from
noisy, redundant, or damaging content on a web scale [1].

Deduplication Complexity: Implementing near-duplicate detection at scale to avoid
memorization and overfitting, without incurring excessive computational costs [5].
Real-Time Responsiveness: Ensuring low-latency preprocessing pipelines (tokenization,
normalization, and cleaning) to facilitate continuous cycles of model training.

Many existing pipelines depend on batch processing systems, which introduce delays between
data ingestion and readiness for training. This lag hinders rapid iteration cycles and slows down
experimentation in the development of LLMs [2], [3]. Additionally, the heterogeneous nature
of web-scale data varying in language, encoding, domain, and quality adds further engineering
complexities.

2.1.2 Research Gap and Contributions

Despite progress in distributed data frameworks like Apache Spark and Flink [6], current
solutions do not possess the specialized optimizations needed for text-intensive workloads at
LLM scales. Particularly, there are few initiatives that emphasize real-time, scalable, and
reproducible feature engineering pipelines specifically designed for LLM training.

This paper presents the following contributions:

Architectural Innovation: A multi-tier distributed processing framework that modifies
resource allocation based on the characteristics of the workload.
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Algorithmic Advances: Scalable deduplication algorithms that utilize locality-sensitive
hashing (LSH) with near-linear complexity [5].

Adaptive Quality Assessment: Machine learning—based filtering mechanisms that adapt
dynamically according to observed data patterns.

High-Throughput Tokenization: A parallelized tokenization engine refined for transformer-
based models.

Comprehensive Evaluation: Empirical validation through ablation studies, statistical
analysis, and benchmarking against leading state-of-the-art solutions.

Reproducibility: Availability of open methodological details and reproducible experimental
setups.

2.1.3 Research Questions
The study explores the following research questions (RQs):

RQ1: Can a dedicated distributed architecture for LLM preprocessing exceed the scalability
and latency of general-purpose big data frameworks?

RQ2: How do distinct components of the pipeline (deduplication, quality scoring,
tokenization) affect overall system performance, and what synergies arise from their
integration?

RQ3: What are the theoretical and practical scalability limits of LSH-based deduplication at

the web scale?

RQ4: Can adaptive quality scoring preserve accuracy and fairness when processing
multilingual, diverse-domain corpora in real-time?

2.2 Distributed Data Processing Systems
2.2.1 Traditional Big Data Frameworks

Apache Spark has emerged as the leading engine for large-scale data processing, with Spark
Streaming accommodating near real-time workloads. Zaharia et al. pointed out difficulties in
Spark’s management of text-heavy and iterative algorithms, primarily due to JVM overhead
and serialization expenses [6].

Apache Flink delivers genuine low-latency stream processing and ensures exactly-once
semantics. Carbone et al. noted Flink’s advantages in managing distributed state and handling
backpressure, although it lacks enhancements for LLM-specific tasks like tokenization and
semantic similarity [12].

Hadoop MapReduce, while historically significant, is hindered by elevated latency from disk-
based intermediate storage. Dean and Ghemawat recorded these shortcomings, which inspired
later frameworks, although MapReduce is not suitable for real-time LLM training [13].

2.2.2 Modern Distributed Computing Platforms
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More contemporary frameworks provide tailored trade-offs. Ray Data connects with ML
workflows but centers on numerical instead of text workloads. Dask offers distributed APIs
that are native to Python but struggles with managing memory on a large scale. Commercial
solutions like Databricks and Snowflake tackle big data at scale, yet they lack the text-
processing enhancements necessary for LLM pipelines [14], [15].

2.3 Data Deduplication Techniques
2.3.1 Theoretical Foundations

The challenge of detecting nearly duplicate content has been a long-standing area of study.
Broder presented shingling as a technique for assessing document similarity, establishing the
theoretical groundwork for deduplication [16]. Locality-Sensitive Hashing (LSH), formalized
by Indyk and Motwani, offers sub-linear complexity for approximate similarity assessment
[17]. Subsequent improvements by Andoni and Razenshteyn enhanced probabilistic guarantees
for practical applications [18].

2.3.2 Practical Applications and Limitations

MinHash, created for estimating Jaccard similarity, has seen widespread adoption. Broder et
al. illustrated its effectiveness for deduplication on a web scale [19]. Nonetheless,
implementations struggle with challenges in parameter tuning and distributed deployment. Lee
et al. exhibited that conventional deduplication techniques often fall short for LLM-scale
datasets, necessitating approaches that are aware of semantic similarity [20].

2.4 Text Quality Evaluation and Screening
2.4.1 Progression of Quality Evaluation Techniques

Initial techniques employed heuristics and statistical scoring. Koehn et al. utilized statistical
metrics to evaluate translation corpora [21]. Subsequently, neural quality estimation was
developed. Kreutzer et al. implemented deep learning for quality scoring, exceeding heuristics
but concentrating mainly on translation tasks [22].

2.4.2 Cross-Language and Multi-Domain Issues

Detecting language and assessing quality in multilingual settings remain challenging. Lui and
Baldwin demonstrated that character n-gram models perform well but encounter scalability
issues on web-scale datasets [23]. Caswell et al. contributed to multilingual quality estimation;
however, adaptation for LLM preprocessing pipelines is still not well-explored [24].

2.5 Tokenization at Scale
2.5.1 Methods for Subword Tokenization

Subword tokenization techniques such as Byte Pair Encoding (BPE) [25] and SentencePiece
[26] have become commonplace for LLM preprocessing. These methods effectively manage
vocabulary size while tackling out-of-vocabulary terms. However, the majority of
implementations remain sequential, which restricts throughput on massive datasets.
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2.5.2 Approaches to Parallel Processing

The area of parallel tokenization is still relatively underexamined. Wang et al. studied parallel
text processing for LLMs, providing initial insights but falling short of solutions ready for
production-scale [27].

2.6 Analysis of Gaps and Positioning
From this review, several significant gaps are apparent:

Integration Gap: Much of the existing work addresses deduplication, quality evaluation, or
tokenization separately, without exploring their combined impacts.

Scale Gap: A limited number of studies operate at the terabyte to petabyte scale needed for
contemporary LLMs.

Real-time Gap: Current pipelines focus on batch processing and overlook real-time
requirements.

Evaluation Gap: There is a dearth of systematic, statistically rigorous comparisons of
specialized preprocessing systems against state-of-the-art benchmarks.

Our research aims to tackle these gaps through a comprehensive distributed systems strategy,
validated by rigorous empirical benchmarks.

2.7 Emerging Multimodal Preprocessing Trends

Recent developments in large language models have increasingly emphasized multimodal
capabilities, extending preprocessing requirements beyond text to include images, audio, and
video content. Models such as GPT-4V, DALL-E, and Flamingo demonstrate the growing
importance of unified multimodal training pipelines [36].

Radford et al. introduced CLIP, which requires synchronized image-text pair processing at
scale, highlighting new challenges in cross-modal alignment and quality assessment [37].
Similarly, Alayrac et al. developed Flamingo, which processes interleaved sequences of text
and images, necessitating specialized tokenization strategies that preserve spatial and temporal
relationships [38].

The preprocessing challenges for multimodal systems compound those found in text-only
pipelines. Deduplication becomes significantly more complex when considering near-duplicate
content across modalities, while quality assessment must account for cross-modal coherence
and alignment. Current solutions remain largely domain-specific, with limited work on unified
preprocessing architectures that can handle heterogeneous data types at the scale required for
modern multimodal LLMs [39].

This emerging trend suggests that future preprocessing systems must be designed with inherent
multimodal extensibility, though the current work focuses on establishing robust foundations
for text processing that can serve as a basis for such extensions.
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3. Methodology
3.1 Overview of System Architecture

The proposed system adopts a microservices-oriented distributed architecture, aimed at
decoupling data ingestion, preprocessing, and storage while allowing each component to scale
independently. To manage the complexities of large-scale LLM training data, the architecture
is structured into four layers as shown in Figure 1:

Ingestion Layer: Responsible for gathering data from various sources, including web crawls,
document repositories, and streaming feeds. Adaptive rate limiting and format normalization
processes ensure consistent throughput, while initial filters eliminate malformed or low-quality
data. Parsers are designed to support multiple formats such as HTML, PDF, XML, JSON, and
plain text, incorporating OCR for scanned materials [28].

Processing Layer: Contains essential feature-engineering components, including
deduplication, quality assessment, and normalization processes. Each component operates as a
standalone service, coordinated through high-performance message queues (Apache Kafka)
equipped with backpressure management [29].

Tokenization Layer: Implements high-throughput subword tokenization tailored for
transformer architectures. It supports both BPE [25] and SentencePiece [26], with dynamic
vocabulary caching and NUMA-aware parallel processing.

Storage Layer: Offers tiered storage (hot, warm, cold) for downstream access. A hybrid design
facilitates random access (for deduplication lookups) and sequential retrieval (for training
data).

Communication and coordination among layers are managed using Kafka for messaging and
ZooKeeper for distributed configuration and leader selection. Consistent hashing is applied for
workload distribution, while work-stealing queues are utilized to balance execution within
nodes.

Ingestion Layer Processing Layer Tokenization Layer Storage Layer

Multi-source data collection with adaptive rate
limiting

Core feature engineering components High-throughput parallel tokenization Tiered storage optimization

+ LSH Deduplication * BPE/SentencePiece

+ Quality Assessment + Dynamic caching
» Normalization + NUMA-aware

+ Kafka coordination » Load balancing

+ Hot/Warm/Cold
* Random access

» Sequential retrieval
* ML optimization

+ Web crawls
* Document repos
+ Streaming feeds
+ OCR processing

Figure 1: Four-Tier Distributed Architecture
3.2 Data Collection and Normalization
3.2.1 Handling Multi-format Input

The ingestion framework utilizes a plugin-based approach that supports extensible format
recognition. Identification is conducted through:
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Header-based assessments (MIME type, metadata),
Content-based statistical evaluation (character distributions, entropy), and
Neural classifiers for tricky situations [30].

HTML parsing is executed in a streaming manner, PDF ingestion leverages OCR for scanned
documents, and structured formats (XML/JSON) are processed by schema-driven parsers.

3.2.2 Encoding and Normalization

Encoding identification merges statistical frequency analysis with language-model validation.
All content is transformed to UTF-8 and normalized using Unicode NFC, with adjustable rules
addressing  whitespace, malformed sequences, and control characters [31].
3.2.3 Language Detection

A hybrid ensemble is utilized, comprising:

Character n-grams (3—4 grams) for lightweight statistical detection [23].
Transformer-based classifiers that are fine-tuned on multilingual datasets.
Voting among ensembles combined with confidence scoring.

Evaluation across 45 languages demonstrated over 98% accuracy for Germanic languages,
more than 97% for Romance, and approximately 92% for East Asian languages, with
diminished performance (~88%) for low-resource languages.

3.3 Deduplication Framework
3.3.1 Locality-Sensitive Hashing

The deduplication process relies on MinHash LSH [19], tailored for extensive text. Parameters
are adjusted for a target similarity threshold T = 0.8 with a recall rate of at least 95%. Theoretical
collision probability is represented as:

P(collision)=1—(1—sk)bP(collision) = 1 - (1 - s"k) “"bP(collision)=1—(1—sk)b

where s represents the Jaccard similarity, h is the count of hash functions, b signifies the number
of bands, and k = h/b.

For our parameters (h = 128, b = 16, k = 8), a recall of 94.7% was achieved for s > 0.8, with
false positives remaining below 3%.

3.3.2 Optimizations

Adaptive Shingling: Short texts utilize character-level 5-grams, medium-length texts employ
word-level 3-grams, and long texts use sentence-level shingles.

Vectorized Hashing: SIMD (AVX2) acceleration facilitates parallel hash computations.
Memory-efficient storage: Bit-vector compression paired with Bloom filters for initial
filtering processes.

Consensus Protocols: Duplicates across nodes are confirmed using distributed consensus,
offering strong or weak consistency options [17].
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3.4 Adaptive Quality Scoring

A scoring model with multiple dimensions combines linguistic, semantic, structural, and
domain-specific elements:

O =wIQL +w2QI + w3QF +wiQD =w 10 L+w 20 I+w 30 F+w 40 DO

where QL represents linguistic quality, QI denotes information richness, QF signifies format
consistency, and QD indicates domain relevance. The weights are derived using L-BFGS
optimization based on human-annotated corpora of around 50,000 samples [32]. The final
weights are {0.35, 0.28, 0.22, 0.15}.

A gradient-boosted tree model (XGBoost) estimates document quality based on features across
four levels:

Character-level (including entropy and symbol ratios),
Lexical (distribution of word frequencies),

Syntactic (complexity of parse trees),

Semantic (similarity of embeddings to reference corpora).

The validation process reached approximately 85% accuracy, with semantic features being the
most influential (42%). The system undergoes periodic retraining via active learning employing
uncertainty and diversity sampling.

For real-time enhancements, optimizations such as feature caching via Redis, model
quantization to INTS, and batch GPU inference using NVIDIA V100 are implemented.

3.5 Tokenization at Scale
Traditional sequential tokenization has been substituted with a parallel chunking method:

Documents are divided at sentence and paragraph boundaries, allowing for overlap to maintain
context.

Chunks are allocated across CPU cores using dynamic load balancing.

Overlapping parts are reconciled after the tokenization process.

Empirical findings reveal a speed increase of about 15 times on 40-core nodes, with a warm-
cache latency of approximately 0.12 seconds. Vocabulary lookups utilize trie-based storage
complemented by prefix caching, and Bloom filters for negative lookups, as well as NUMA-
aware memory allocation techniques [26], [27].

3.6 Resource Management and Fault Tolerance

Resource distribution is managed through Kubernetes, incorporating horizontal and vertical
autoscaling driven by workload predictors based on LSTM models with a 168-hour history.
The metrics monitored comprise throughput, latency, and queue depth [33].

Fault tolerance strategies include:
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* Incremental snapshot checkpointing every 10 minutes.

* Primary-backup replication for essential modules.

* Circuit breakers that avert cascading failures.

Such measures ensure less than 0.01% probability of data loss during failure conditions.
4. Experimental Design and Setup

4.1 Experimental Infrastructure

4.1.1 Cluster and System Configuration

Experiments were conducted using a 16-node distributed cluster to guarantee reproducibility
and reduce interference. Each compute node featured dual Intel Xeon Gold 6248 processors
(40 cores total per node), 128 GB DDR4 RAM, and a single NVMe SSD (2 TB). The cluster
was interconnected through a 10 GbE network with RDMA capabilities, and inter-node
communication utilized a 25 GbE leaf-spine topology to provide low-latency synchronization.
Storage was facilitated by a 100 TB distributed file system using erasure coding (8+4) along
with dedicated metadata servers.

The software environment included Ubuntu 20.04 along with a tuned Linux kernel (v5.15),
Kubernetes 1.28 for orchestration, and Docker 24.0.5 for container management. Monitoring
was conducted through a personalized Prometheus—Grafana—Jaeger setup [33].

4.1.2 Dataset Construction
Three distinct datasets were assembled to evaluate scalability, quality, and robustness.

Dataset A (1.5 TB, Primary): Comprised of Common Crawl (800 GB), academic articles (250
GB), news outlets (200 GB), books (150 GB), and social media content (100 GB).

Dataset B (1 TB, Validation): Created from Wikipedia (300 GB), GitHub repositories (250
GB), forums (200 GB), legal papers (150 GB), and scientific journals (100 GB).

Dataset C (2 TB, Stress Test): A raw multilingual web crawl with limited preprocessing,
exhibiting over 40% duplication across 45 languages.

This construction ensured evaluation under both curated and messy conditions, adhering to
previous benchmarks in LLM preprocessing [9], [10], [11].

4.1.3 Baseline Implementations
We evaluated our system against three well-known big data frameworks:

Apache Spark (v3.3): Set up with Kryo serialization, 12 GB executors, and UDF operators
tailored for text. To reduce skew, shuffle partitions were increased to 4000, along with G1GC
tuning for garbage collection [6].

Apache Flink (v1.16): Configured with RocksDB as the state backend, 1280 parallel slots,
and checkpointing scheduled every 10 minutes [12].

Databricks Runtime (11.3 LTS ML): Utilized 13.2xlarge instances, Delta Lake Z-ordering,
and Photon acceleration. MLflow was implemented for experiment tracking [14].
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Cost estimations were based on AWS (US-East-1) pricing, with compute on i3.2xlarge at
$0.624/hour, EBS gp3 storage at $0.08/GB/month, and data transfer at $0.09/GB.

4.2 Experimental Protocol
4.2.1 Statistical Design

All experiments applied stringent statistical controls. Input documents were randomized using
a cryptographic PRNG, with dataset splits stratified according to domain and language. Each
setup was conducted 50 times independently, using bootstrap sampling (B = 10,000) to
compute 95% confidence intervals [34].

Controlled wvariables included hardware, network conditions, and monitoring stack,
maintaining consistency across trials. The dependent variables consisted of throughput
(documents per hour), processing latency, resource utilization, and cost per million documents.
Additionally, quality metrics such as deduplication Fl-score and correlation with human
annotations were collected.

4.2.2 Performance Measurement

Throughput was assessed end-to-end, from ingestion to storage, under various load conditions
(25-100% capacity). Latency was measured per document using RDTSC cycle counters, with
results reported at P50, P90, P95, and P99. Resource utilization was monitored per core, with
1-second granularity. Disk I/0O, memory usage, and garbage collection overheads were profiled
using iostat and JVM metrics [6].

Network latency was recorded via hardware timestamping to distinguish queueing delays from
transmission costs. Reliability was measured in terms of uptime and mean-time-between-
failures (MTBF).

4.2.3 Ablation Studies
To discern contributions, we conducted ablation studies in five phases:

Baseline Spark text pipeline.
+LSH Deduplication [19].
+Adaptive Quality Scoring [32].
+Parallel Tokenization [26], [27].
Complete System Integration.

Sensitivity analysis was conducted on LSH parameters (h = {64,128,256}; b = {8,16,32}),
quality thresholds (0.1-0.9), tokenization chunk sizes (100—2000 words), and replica counts
(1-8 per service).

4.3 Quality Assessment and Validation
4.3.1 Ground Truth Construction

A ground truth dataset consisting of 50,000 documents was annotated by three trained linguists
per document, who underwent 40 hours of training on standardized guidelines. Each document
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was rated for fluency, informativeness, relevance, and coherence on a scale of 1 to 5. Inter-
annotator agreement reached Krippendorft’s a = 0.743 and ICC = 0.798, indicating substantial
agreement [35]. Disputes were resolved through consensus arbitration.

4.3.2 Evaluation Metrics
The evaluation encompassed both system-level and quality-level metrics:

Performance: Throughput, latency distribution, scalability coefficient (log-linear regression
of throughput versus nodes), resource efficiency, and cost per million documents.

Quality: Deduplication precision, recall, F1, correlation with human scores, false positive rate,
and multilingual coverage [20], [24].

Reliability: System uptime and MTBF.

Statistical analyses included Welch’s t-test (for means), Mann—Whitney U (non-parametric),
ANOVA with Bonferroni correction (for multiple groups), and bootstrap confidence intervals.
Effect sizes were reported using Cohen’s d to highlight practical significance [34].

5. Results and Discussion
5.1 System Performance

Our system regularly showcased leading performance in throughput, latency, and scalability
assessments. Throughout over 50 trials, the average throughput was 50.2M documents per
hour, with a 95% confidence interval of [49.6, 50.8]. This signifies a gain of 3.2x compared to
Databricks and over 3.5% when contrasted with Spark and Flink. Notably, performance
exhibited stability across 168 hours of continuous operation, and the peak throughput reached
62.3M docs/hour. Welch’s t-test established that the observed improvements were statistically
significant (p <0.001).

Latency measurements highlighted the system’s aptitude for real-time applications. Even at the
99th percentile, the end-to-end latency was less than 8 seconds, whereas Spark and Flink
reported 20 to 30 seconds. This indicates that unlike traditional batch-oriented systems, our
design accommodates interactive LLM training pipelines where data can be ingested,
processed, and accessed in near real-time.

The scalability evaluation demonstrated almost linear scalability up to 32 nodes (98%
efficiency), with a seamless performance drop beyond that threshold. CPU utilization averaged
a high of 89%, while network (34%) and storage I/O (46%) remained significantly below
saturation levels, indicating effective resource allocation. These results confirm that
architecture not only delivers high throughput but also makes efficient use of distributed
resources as shown in Figure 3.

5.2 Component Contributions and Sensitivity

To determine the impact of each subsystem, we conducted ablation studies. Beginning with a
Spark baseline (15.7M docs/hr), incremental enhancements such as LSH deduplication,
adaptive quality scoring, and parallel tokenization gradually increased throughput to 50.2M
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docs/hr. Significantly, the complete integration yielded a synergistic enhancement (+20% over
additive gains), as validated by a two-way ANOVA (p < 0.001). This supports our decision to
collaboratively design the pipeline instead of merely amalgamating standard components.

Experiments examining parameter sensitivity provided additional insights. For deduplication,
employing 128 hash functions with 16 bands achieved the best compromise (Precision 97.2%,
Recall 94.7%). For quality filtering, a threshold of 0.5 offered the optimal balance between
throughput (50.2M) and data retention (85%). Tokenization proved most effective with 1000-
word segments, attaining high throughput without significant memory usage or loss of context.
These findings emphasize the importance of system-level tuning for achieving maximum
performance at scale.

5.3 Deduplication Effectiveness

Deduplication is vital in avoiding overfitting and maintaining dataset diversity. When
compared to baselines (exact matching, cosine similarity, edit distance), our LSH-based
methodology achieved an F1 score of 95.9% with a false positive rate of less than 3%. Beyond
accuracy, scalability emerged as a key differentiator: an empirical complexity of O(n*1.12)
allowed for deduplication of 1.5 TB of data in under 30 hours, reflecting an 847x enhancement
over quadratic methods. This positions our methodology as a feasible solution for web-scale
corpora that were previously too challenging to deduplicate entirely.

501

401

301

20}

Throughput (M docs/hr)

10+

Figure 2: Component contributions to Throughput
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5.4 Quality Assessment and Downstream Impact

Our adaptive quality scoring system demonstrated a strong correlation with human evaluation
(r=0.782), which is comparable to inter-annotator agreement levels. Notably, this correlation
persisted across various quality metrics (linguistic, content, formatting), underscoring its
reliability.

The performance remained robust across diverse language families: Germanic (89% accuracy),
Romance (87%), Slavic (82%), East Asian (79%), and Low-resource (75%). Tailored models
for each language enhanced results by as much as 20%, reinforcing the necessity for
linguistically informed preprocessing in multilingual LLM training.

Validation of downstream performance using GPT-2 Medium illustrated that improvements in
data quality translate directly into increased model efficiency. Models trained on filtered
datasets achieved:

12% reduction in perplexity,
35% faster training time,

23% fewer convergence steps,
+8.3 GLUE points.

This validates that data preprocessing serves not only as an engineering optimization but also
as a key factor influencing model accuracy and cost-effectiveness.
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Figure 3: Scalability Curve

5.5 Operational Analysis

Our system maintained an uptime of 99.73% over a six-month period, featuring a mean time
between failures (MTBF) of 47 days and a mean time to recovery (MTTR) of less than 2
minutes. Through fault injection tests (including node crashes, partitions, and storage failures),
we confirmed a 0% data loss rate and swift recovery, which validated our resilience strategies.
In terms of cost, the average processing expense was $0.083 per million documents (Table 1),
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resulting in savings of 40—47% compared to Spark, Flink, and Databricks. Energy efficiency
was also impressive, recorded at 2.34 kWh per million documents, leading to a 42% reduction
in CO: emissions. When scaled to a billion documents, this equates to avoiding 1,764 tons of
CO: emissions annually, highlighting the system's environmental and economic viability.

Table 1: Cost Break down

System Throughput (M | Latency P95 (s) Cost ($/M docs)
docs/hr)

Our System 50.2 2.9 0.083

Spark 15.7 12.3 0.142

Flink 12.8 11.8 0.156

Databricks 18.9 10.7 0.139

5.6 Comparison with State-of-the-Art

Our system outperformed academic frameworks such as Ray Data and Dask-ML by delivering
77% higher throughput at a lower cost. When compared to cloud-native solutions (AWS EMR,
Google Dataflow, Azure Data Factory) as show in figure 4, we achieved 2-3 times the
throughput and approximately 40% lower costs. These findings position our framework as a
significant research advancement (surpassing academic benchmarks) and a practical
deployment alternative (exceeding commercial solutions).

Spark

Our System

Flink

Databricks

Figure 4: Relative cost Breakdown
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5.7 Limitations

While the results are strong, there are limitations to note. The dataset was predominantly web-
focused, which may have skewed the findings; we did not conduct larger-scale tests involving
more than 128 nodes; and our evaluation was restricted to GPT-2 Medium instead of cutting-
edge models. The cost analysis was centered on AWS and may differ with other providers.
Future research should extend evaluations to domain-specific datasets, underrepresented
languages with very low resources, and larger model architectures to further assess general
applicability.

6. Ethical Considerations and Societal Impact
6.1 Data Privacy and Security

It is crucial to ensure privacy and security in large-scale text preprocessing, especially since
LLM pipelines handle sensitive data. Our solution includes differential privacy mechanisms
(with € set at 1.0 by default), which add calibrated noise to protect individual data while
preserving utility throughout the pipeline stages. To facilitate collaborative data processing, we
utilize secure multiparty computation methods for distributed deduplication and similarity
detection, ensuring that no single node can access raw document content. Zero-knowledge
proofs further verify thresholding operations without exposing the underlying text.

To follow data minimization principles, the pipeline can automatically identify and anonymize
personally identifiable information (PII) through a hybrid method combining regex-based rules
and machine learning classifiers. PII may be entirely removed, pseudonymized, or anonymized
under k-anonymity guarantees, depending on the deployment requirements.

Security measures are enforced through AES-256 encryption for data both in transit and at rest,
role-based access control (RBAC) with multi-factor authentication, and tamper-evident audit
logs. The system is built to comply with GDPR, CCPA, and HIPA A regulations. Annual third-
party penetration tests, ongoing vulnerability assessments, and incident response protocols
(with a 4-hour SLA) have been implemented; there were no recorded security incidents during
a six-month production period.

6.2 Bias and Fairness

Bias in training data inherently influences the subsequent behavior of LLMs, making fairness
a vital ethical issue. Our framework for bias detection examines demographic, linguistic, and
temporal aspects of quality assessment. We apply statistical parity and equalized odds tests
across 12 demographic dimensions, while multilingual fairness is evaluated over 45 languages
using variance analysis and topic/entity modeling. Temporal bias is monitored through concept
drift detection methods like Kolmogorov—Smirnov tests, which prompt automatic retraining if
certain thresholds are exceeded.

Validation outcomes indicate that our system meets fairness criteria across categories of gender,
language, domain, and temporal drift, with all metrics staying below defined limits. Mitigation
strategies encompass adversarial debiasing during the model training phase, quarterly fairness
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assessments, and public reporting of bias metrics. Additionally, the framework features
community feedback mechanisms that allow users to report perceived bias, enhancing
transparency and accountability.

6.3 Democratization vs. Concentration Effects

A key societal issue is whether such infrastructure promotes democratization or centralization
in LLM development. By reducing processing costs by approximately 41% compared to
commercial options, our system decreases the barriers for universities, small and medium
enterprises (SMEs), and organizations in developing nations. Open-sourcing the project under
the Apache 2.0 license and offering comprehensive documentation has encouraged uptake by
47 universities and 23 SMEs within a six-month period, alongside collaborations with eight
institutions in the Global South.

Nonetheless, challenges persist. Large-scale implementations still necessitate substantial
computing resources, and the complexity of the system tends to favor organizations with
engineering skills. Without diligent management, gains in performance could inadvertently
reinforce the advantages enjoyed by resource-rich institutions. To address this, we facilitate
cloud-hosted implementations, academic licensing programs, small-scale optimized versions,
and engagement in community forums. These approaches aim to ensure that the advantages are
widely shared rather than concentrated.

6.4 Environmental Responsibility

Integrating environmental sustainability into ethical system design is crucial. Our pipeline
realizes a 35% reduction in energy use per document by leveraging dynamic scaling,
scheduling workloads during times of peak renewable energy availability, and optimizing at
the hardware level. Real-time dashboards monitor energy consumption and carbon emissions,
with all implementations prioritizing data centers powered by renewable energy.

A lifecycle assessment reveals total emissions of 21.9 tons CO: annually, marking a 42%
reduction compared to industry standards. Independent audits (ISO 14064) have verified these
findings, which are reported annually in accordance with GRI sustainability reporting
standards. Our long-term goals consist of achieving net-zero operations by 2025, complete
reliance on renewable sources by 2024, and allocating 5% of revenue towards sustainability
research.

By incorporating energy efficiency measures and accountability systems into our design, we
illustrate that scaling LLM infrastructure can coincide with a reduced ecological footprint.
Thoughtful design can lead to lower carbon emissions without sacrificing performance,
aligning advancements with global sustainability objectives.

7. Reproducibility and Artifact Availability

7.1 Implementation
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The entire implementation is structured into modular services for tasks such as ingestion,
deduplication, quality scoring, tokenization, and storage, along with infrastructure definitions
(Docker Compose, Helm charts) and monitoring tools (Prometheus, Grafana).

The system has been developed in Python 3.10+ using FastAPI microservices, along with
optimized numerical routines for performance-sensitive tasks (e.g., MinHash-LSH). The
components of the infrastructure utilize Kafka, Redis, MinlO, and Kubernetes, ensuring they
are compatible with both local and cloud deployments. Documentation encompasses API
specifications (OpenAPI), deployment instructions for Docker and Kubernetes, and
troubleshooting guidance.

7.2 Experimental Reproducibility

All experiments presented in this paper can be replicated using automation scripts and container
images. Scripts can be used to reproduce the complete pipeline, conduct parameter sweeps, and
perform statistical analyses. Docker images for the base system, benchmarking suite, and
analysis setup ensure uniformity across different platforms.

Utilities for dataset preparation allow the downloading and normalization of public datasets
(e.g., Common Crawl, Wikipedia), the generation of synthetic test data, and the reproduction
of human-annotated ground truth for quality assessment. Templates for cloud deployment
(Terraform, Helm values) enable users to replicate experiments on AWS, GCP, and Azure
clusters with minimal configuration needed.

7.3 Validation and Portability

Independent assessments have verified the system's robustness. Academic collaborators
replicated throughput within 97% of the stated benchmarks, confirmed the validity of statistical
significance tests, and verified scalability across clusters of up to 32 nodes. Validation across
different platforms was conducted on AWS (EKS), GCP (GKE), Azure (AKS), and bare-metal
Kubernetes, demonstrating portability beyond the original infrastructure utilized by the
authors.

Long-term deployment evaluations (12-month continuous operations) affirmed the stability of
MTBF/MTTR metrics and validated cost models throughout the complete lifecycle. These
findings provide assurance that the reported outcomes are not restricted to specific
environments but are applicable across various platforms and timeframes.

8. Future Research and Development Directions
8.1 Technical Improvements

Future developments will target both advancements in algorithms and enhancements at the
systems level. From an algorithmic perspective, deduplication can evolve to utilize neural
semantic techniques instead of solely symbolic methods, employing transformer-based
embeddings to identify contextually related documents across various languages. Initial
experimental models indicate that using cross-lingual embeddings could boost deduplication

Received: August 08, 2025 223



International Journal of Applied Mathematics

Volume 38 No. 6s, 2025

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

precision by 15-20%, which is a notable improvement on a web scale. Likewise, adaptive
algorithms capable of self-adjusting parameters or utilizing reinforcement learning for resource
management could help decrease latency and enhance efficiency in variable workloads.

Optimizations informed by hardware represent another path forward. Utilizing GPUs and TPUs
for quality scoring and tokenization is anticipated to achieve 2—5x increases in processing
speeds for resource-intensive tasks, while leveraging FPGAs for similarity searches may offer
energy-efficient acceleration for deduplication processes. Concurrently, tailoring the system
for edge and multi-cloud deployments would enhance its usability in bandwidth-limited or
federated settings, facilitating privacy-respecting collaboration between organizations.

Additionally, advancements in streaming technologies may enable microsecond latency
capabilities and event-driven analytics, steering the system toward ultra-low-latency uses.
While still conjectural, emerging concepts such as quantum-enhanced similarity search and
hybrid classical-quantum optimization also merit examination over a 5—10 year timeframe.

8.2 Domain-Specific Extensions

The framework can be adapted to specific domains that require tailored preprocessing
techniques. In the realm of scientific literature, this would involve parsing mathematical
expressions, constructing citation graphs, and integrating text, figures, and tables in a
multimodal fashion. For programming code collections, syntax-aware tokenization and
abstract syntax tree assessments could lead to more accurate evaluations of code quality.

Other fields like legal and regulatory texts, necessitate the analysis of highly structured
information, compliance verification, and adaptations specific to jurisdictions. Beyond text,
there is potential for multimodal processing, incorporating transcripts, images, and video into
cohesive feature engineering workflows.

Regarding integration, embedding the system in MLOps platforms such as MLflow, Kubeflow,
and Weights & Biases would facilitate experiment tracking and the management of model
lifecycles. Connecting to data lake formats (Delta Lake, Iceberg, Hudi) could ensure ACID
compliance and traceability, while orchestration through Airflow or Argo would enhance
automation and the portability of workflows.

8.3 Open Research Challenges

The research brings forth several theoretical, practical, and societal inquiries for future
exploration.

Theoretical: What are the intrinsic limits of distributed text processing regarding throughput,
latency, and scalability? How do factors like communication complexity and data locality
influence optimal system designs? Can information-theoretic concepts lay the groundwork for
defining and evaluating “quality” within training datasets?

Practical: How will the system function at an exabyte scale, where aspects like network
architecture and data center configuration become crucial? How should it adjust to
accommodate new content formats, particularly multimodal and Al-generated data?
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Furthermore, how can privacy-preserving computation be integrated without incurring
excessive performance costs?

Societal: With the declining costs associated with large-scale preprocessing, how can we
guarantee equitable access to such capabilities across institutions and regions? What
governance structures are necessary to mitigate bias amplification while honoring cultural
diversity? Lastly, how can efficiency improvements be balanced with ecological accountability,
ensuring that design choices align with global sustainability objectives?

9. Conclusion

This paper outlines a thorough framework for real-time, large-scale feature engineering
pipelines specifically designed for LLM training. By tackling essential challenges in
deduplication, quality evaluation, and tokenization, we illustrate that data preprocessing which
has often been viewed as a minor issue can be redefined as a vital factor in the scalable and
sustainable development of Al

9.1 Summary of Contributions

Our framework brings together both architectural and algorithmic advancements that
significantly enhance performance and efficiency. The multi-tier distributed architecture, along
with theoretically grounded MinHash-LSH deduplication, adaptive quality scoring, and
parallel tokenization, delivered a 3.2 increase in throughput and a 41% reduction in costs
compared to the highest-performing benchmarks. It kept the P95 latency under three seconds,
enabling real-time responsiveness, and achieved a system reliability of 99.7% during six
months of ongoing deployment. Additionally, the system recorded a 35% improvement in
energy efficiency, leading to considerable reductions in CO: emissions.

Through rigorous experimental validation, which included 50 independent trials, ablation
studies, and evaluations across multiple datasets totaling over 450TB of text, we established
both the statistical significance and reproducibility of these findings.

9.2 Practical and Scientific Significance

In addition to technical enhancements, our contributions have immediate effects on LLM
development timelines, environmental sustainability, and research accessibility. By decreasing
expenses and boosting efficiency, our system enables advanced training pipelines to be viable
not only for large industry labs but also for smaller research organizations. Crucially, we
demonstrated the downstream impact: filtered data enhanced GPT-2 Medium training
efficiency by 35% and improved task accuracy on GLUE by over eight points.

These advancements create opportunities for continuous learning environments where LLMs
can be swiftly updated as new data becomes available. This capability is increasingly vital in
rapidly evolving information contexts.
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9.3 Broader Implications

Although intended for LLM preprocessing, the concepts illustrated here are applicable to other
data-heavy fields, such as recommendation systems, information retrieval, scientific literature
analysis, and multimodal analytics. By prioritizing reproducibility, open-source availability,
and stringent statistical assessment, this research provides a model for transparent systems
research.

On a societal scale, the system fosters democratization by reducing entry barriers for
universities, SMEs, and organizations in developing regions. It promotes sustainability by
lowering energy expenditures and carbon emissions, and it enhances open science through the
release of code, data pipelines, and validation methodologies for community utilization.

9.4 Future Directions

Looking ahead, we see numerous pathways for further development. In the short term, GPU
and TPU acceleration alongside multimodal processing will broaden applicability. In the
medium term, self-adaptive pipelines and privacy-preserving federated strategies will grow in
importance. Research in the longer term may investigate quantum-classical hybrid
architectures, exabyte-scale implementations, and the theoretical limitations of distributed text
processing.

9.5 Final Remarks

The key takeaway from this research is that specialized, integrated optimizations for text
processing can lead to transformative improvements compared to generic big data frameworks.
Equally crucial, reproducibility and open access guarantee that these advancements are both
verifiable and extendable by the larger community.

As LLMs continue to expand in scale and societal influence, the principles established here
regarding efficiency, scalability, reliability, and openness will continue to be fundamental. We
encourage the community to adopt, verify, and build upon this work as we strive towards a
future of sustainable and inclusive Al infrastructure.
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