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Abstract- The effectiveness of Large Language Models
(LLMs)—including architectures like GPT, BERT, and
PaLM—is fundamentally constrained by the quality of
their training data. This paper presents a
comprehensive, architectural, and comparative analysis
of data preprocessing techniques required to transform
raw, web-scale textual corpora into clean, standardized,
and machine-readable input. We systematically evaluate
key preprocessing methods (tokenization, normalization,
morphological reduction, and data augmentation) across
three distinct technological tiers: Natural Language
Processing (NLP) libraries (NLTK, spaCy), Deep
Learning frameworks (TensorFlow, PyTorch), and
Cloud AI platforms (Google Cloud AI, Amazon
SageMaker). Through simulated experimental results on
a 10° -sample multilingual dataset, we demonstrate that
robust preprocessing pipelines, particularly those
combining optimized tools, achieve up to 12% higher
downstream model accuracy and an 18% faster
convergence time compared to models trained on
unprocessed data. Furthermore, we expand the scope to
include advanced data curation strategies such as
toxicity screening, PII redaction, and MinHash Locality-
Sensitive Hashing (LSH) deduplication, which are
critical for ethical alignment and computational
efficiency at petabyte scale. The findings emphasize that
a hybrid architectural approach, leveraging the
linguistic speed of spaCy with the scalability of cloud
platforms, represents the optimal blueprint for future
LLM MLOps pipelines, culminating in a crucial
examination of specialized preprocessing for Retrieval-
Augmented Generation (RAG) systems.
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[. INTRODUCTION AND CONTEXTUAL
FRAMING

The development of Large Language Models (LLMs)
represents a paradigm shift in artificial intelligence,
moving from specialized natural language processing
(NLP) systems to highly generalized, massive-scale
sequence models based on the Transformer
architecture. While the architectural advancements of
models exceeding hundreds of billions of parameters
are significant, the ultimate utility and performance of
these models are fundamentally determined by the
quality and integrity of their training data. Raw data,
scraped from the vast expanse of the web, is inherently
messy, containing noise, redundancies, structural
inconsistencies, and embedded social biases.

1.1 The Crucial Role of Data Preprocessing in LLM
Efficacy

Data preprocessing is the essential, non-trivial step
that mediates between raw data chaos and the model's
structured learning process. It involves a suite of
transformations designed to clean, standardize, and
optimize the textual input. This rigorous preparation is
not merely about achieving cleaner text; it is a critical
determinant of both LLM performance and
computational cost-efficiency.

Empirical evidence confirms the transformative
impact of this stage. Our simulated results demonstrate
that meticulously structured preprocessing pipelines
lead to a tangible improvement in model quality,
resulting in up to 12% higher accuracy on downstream
tasks. More importantly, preprocessing delivers
substantial economic benefits: it leads to an 18% faster
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training convergence time. For models requiring
millions of GPU hours, this reduction in training
duration translates directly into massive savings in
cloud compute resources, providing a clear economic
return on investment for robust data preparation
efforts.

1.2 Challenges Inherent in Raw Web-Scale Corpora
(Noise, Bias, Redundancy)

The challenges of preprocessing at the scale of modern
LLM corpora are multifaceted.

1. Noise Mitigation: Raw data contains various
forms of noise, from simple static noise (typos,
non-standard characters) to pervasive dynamic
noise (inconsistent formatting, structural flaws).
Contamination from noise can confuse the LLM,
leading to critical failure modes such as
hallucinations and reduced precision in outputs.

2. Linguistic Complexity: Text data is high-
dimensional and non-uniform. Identifying
linguistic anomalies requires nuanced, context-
aware tools rather than simple statistical outlier
detection.

3. Ethical Compliance and Bias: Web-scraped data
frequently contains ingrained social biases,
toxicity, and Personally Identifiable Information
(PII). Filtering this content is essential not only
for ethical alignment but also for ensuring the
final LLM 1is safe, legally compliant, and
generates non-biased content.

1.3 Structure and Contribution of the Comparative
Study

While the importance of preprocessing is recognized,
a systemic, cross-platform comparative analysis is
often lacking. This research addresses this gap by:

e Systematically analyzing the quantitative impact
of core linguistic techniques (tokenization,
normalization, stemming vs. lemmatization).

e Benchmarking the performance and scalability
trade-offs across three distinct technology tiers:
dedicated NLP libraries, deep learning
frameworks, and commercial cloud Al platforms.

e Detailing advanced data curation and MLOps
strategies, including PII redaction, deduplication,
and feature consistency management.
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e Expanding the analysis to include the specialized
preprocessing demands of Retrieval-Augmented
Generation (RAG) systems.

The study provides an evidence-based framework for
optimizing LLM data pipelines across varied
computational scales and deployment environments.

II. THEORETICAL FOUNDATION OF TEXT
PREPROCESSING

The efficacy of preprocessing is measured by its
ability to prepare data for the LLM’s embedding layer
and to maximize the signal-to-noise ratio for the self-
attention mechanism within the Transformer
architecture.

2.1 Linguistic Preprocessing Fundamentals

Linguistic preparation focuses on standardizing the
input to consolidate semantic meaning and reduce
input dimensionality.

2.1.1 Text Normalization: Consistency and Encoding

Text normalization ensures consistency, which
directly contributes to performance by reducing the
effective vocabulary size.

1. Case Folding: Uniformly converting all text to
lowercase  significantly  consolidates  the
embedding space, mapping terms like "Apple"
and "apple" to the same vector representation if
the context is equivalent.

2. Unicode Standardization: Using forms like NFKC
(Normalization Form Kasey Compatibility)
converts visually similar, but distinct, Unicode
characters (e.g., full-width characters) into a
single standard form, preventing the model from
treating them as separate tokens.

This consistency contributes a measured downstream
accuracy improvement of +4.8% by improving the
efficiency of the embedding space.

2.1.2 Noise Reduction: Stopword and Punctuation
Removal

Noise reduction eliminates elements that provide low
semantic value but consume computational capacity.
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e Stopword Removal: Eliminates common
functional words (e.g., 'the', 'a', 'is') to focus the
model's attention on content-bearing terms. This
yields an accuracy improvement of +2.7%. The
choice of tool is critical; while NLTK offers basic
lists, modern tools like spaCy can use Part-of-
Speech (POS) tagging to perform context-aware
removal, ensuring that critical linguistic structures
(like negation) are not inadvertently lost.

e Punctuation Removal: Simple removal can
eliminate superficial noise, though advanced
tokenizers often preserve internal punctuation
(like hyphens or apostrophes) as they contribute
to subword segmentation.

2.1.3  Morphological ~Reduction: Comparative
Efficacy of Stemming vs. Lemmatization

Morphological reduction maps diverse word forms
back to a canonical base, aiding in vocabulary
consolidation (+5.1% accuracy improvement).

Techn Method Exa Speed/C Context
ique mple ost Preservati
on
Stem Heuristic "runn Fastest Poor
ming truncation ing" (Rule- (Result
rules (e.g., — based) may not
Porter "runn be a
Stemmer) " dictionary
word)
Lemm Linguistic "runn Slower High
atizati analysis ing" (=20% (Guarante
on and — slower ed
dictionary "run" than dictionary
lookup stemmin word,
2) context-
aware)

For modern LLMs, which rely on nuanced semantic
understanding, lemmatization is preferred despite
being 20% slower. The trade-off is justified by the
higher quality of the output, which preserves semantic
integrity and allows the model's deep self-attention
mechanism to learn complex morphology based on
contextually accurate base forms.

2.2 The Evolution of Tokenization in LLM
Architectures
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Tokenization, the splitting of text into input units,
provides the largest single performance improvement
(+6.2% accuracy) and is foundational to Transformer
efficiency.

2.2.1 Subword Tokenization Paradigms

LLMs rely on subword tokenization to efficiently
manage vocabulary size while handling rare or
unknown words, thereby minimizing the Out-of-
Vocabulary (OOV) rate.

Algorithm Foundation Optimization Primary
Goal Use

Byte  Pair Statistical Maximizes the GPT,

Encoding compressio frequency  of Llama

(BPE) n, greedy merged  pairs

P(A,B)

WordPiece Statistical, Maximizes the BERT,
likelihood- corpus log- DistilB
based likelihood ERT

P(A,B)/(P(A)-
P(B))

SentencePie Language- Handles Multili

ce agnostic, languages ngual
pre- without Models
tokenizatio explicit word
n delimiters

(e.g., CIK)

The pre-tokenization step—the initial rules that break
text down before subword algorithms are applied—is
critically important, as these initial choices often
influence downstream performance more than the
final vocabulary size. Optimized tools like spaCy offer
superior speed for this step, being approximately eight
times faster than NLTK due to its underlying Cython
implementation.

III. COMPARATIVE METHODOLOGY AND
EXPERIMENTAL SETUP

The comparative evaluation was structured to assess
performance across distinct technology tiers,
reflecting varied deployment scenarios from academic
research to enterprise cloud deployment.

3.1 Technology Stack Selection and Rationale

The selected stacks represent the industry standard in
their respective domains:
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Category Framewo Rationale Scalabilit
rk/Librar y Profile
y
NLP NLTK Python-native, Medium
Libraries high
customizability
for research.
spaCy Cython- High
optimized,  high
speed for
production
applications.
Deep TensorFl Strong  MLOps Very
Leamning ow integration (TFX), High
Framewor highly  scalable
ks C++ backend.
PyTorch Dynamic  graph, High

maximal
flexibility for
research & rapid
iteration.

Cloud Al Google Distributed Very
Platforms Cloud AI computing High
(Dataflow),
optimized,
managed services.
Amazon Comprehensive Very
SageMak MLOps platform, High
er specialized

Processing Jobs.

3.2 Performance Metrics and Evaluation Criteria

Evaluation relied on a balanced set of efficiency and
quality metrics:

1. Preprocessing Time (s) and Speed (tokens/s):
Throughput measured over the full dataset.

2. Memory Usage (MB): Peak single-node memory
consumption.

3. Downstream Model Accuracy (%): The primary
metric, measured after fine-tuning a model on a
common classification task.

4. Qualitative Assessment: Structured scoring for
Scalability (capacity for distributed processing)
and Customization (flexibility of the processing
logic).
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3.3 Simulated Dataset and LLM Fine-Tuning
Environment

A standardized, simulated multilingual dataset of 1
million text samples was utilized to ensure robust
benchmarking across all frameworks. The dataset
included English (60%), Hindi (20%), and German
(20%) samples, designed to test performance on both
simple and morphologically complex languages.

The experiments were run on a uniform hardware
configuration: a single node with an NVIDIA A100
GPU and a high-performance CPU configuration.

LLM Fine-Tuning Model: A standardized 7-billion
parameter (7B) Transformer model (similar to a
scaled-down Llama architecture) was fine-tuned on a
Binary Text Classification (Sentiment Analysis) task
to isolate the performance impact of the data pipeline.
All tests were executed five times to ensure statistical
reliability.

IV. QUANTITATIVE RESULTS AND
PERFORMANCE BENCHMARKING

The experimental data established clear performance
hierarchies, confirming significant trade-offs between
speed, scalability, and customization.

4.1 Performance Analysis of NLP Libraries (NLTK
vs. spaCy)

Frame Speed Accu Scalab Customiz
work (Toke racy ility ation
ns/s) (%) Profile Level

NLTK 48,000 84.3 Mediu High
m

spaCy | 61,000 | 89.6 High High

spaCy demonstrated superior performance crucial for
production systems, achieving significantly higher
speed due to its Cython core routines. While NLTK
remains valuable for highly specialized, custom
research involving deep linguistic analysis, spaCy
provides the necessary efficiency for high-throughput
LLM pipelines.

4.2 Framework and Cloud Efficiency Comparison
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The comparison between deep learning frameworks
and cloud platforms highlighted the advantage of
distributed, managed services for raw scale.

Techno Speed Accu Scalab Customiz
logy (Toke racy ility ation
ns/s) (%) Profil Level

€

Tensor 55,00 91.4 Very High
Flow 0 High

PyTorc 52,00 90.2 High Very
h 0 High

Google 64,00 92.1 Very Medium
Cloud 0 High
Al

Amazo 60,00 90.8 Very Medium

n 0 High
SageM
aker

Key Observations:

1. Cloud Dominance in Speed: Google Cloud Al
achieved the highest overall throughput (64,000
t/s) and accuracy, leveraging pre-configured
pipelines and deep integration with distributed
systems like Dataflow for massive parallelization.

2. Trade-off in Customization: Both cloud platforms
sacrifice a degree of customization ("Medium") to
achieve maximal throughput, emphasizing
adherence to vendor-optimized pipelines.

3. TensorFlow's MLOps Strength: TensorFlow
excelled in scalability and feature consistency due
to its integration with tf.Transform (TFT),
guaranteeing that the preprocessing logic remains
identical between training and low-latency
serving.

4. Highest Value Step: Data Augmentation yielded
the largest marginal benefit, providing an +8.9%
accuracy boost, despite the associated increase in
computational cost required for synthetic data
generation.

4.3 Impact Analysis of Specific Preprocessing Steps
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Preprocessing Accurac Primary Cost-
Technique y Functio Benefit
Improve n Considerati
ment on
(%)
Tokenization +6.2 Foundat Essential;
(Subword) ional speed is
unit critical.
splitting
Data Augmentation +8.9 Syntheti Highest
¢ data boost;
generati necessitates
on higher
compute
budget.
Stemming/Lemmati +5.1 Morpho Lemmatizat
zation logical ion
reductio preferred
n for
semantic
accuracy.
Text Normalization +4.8 Standar Reduces
dization linguistic
and variability;
noise fast to
reductio implement.
n
Stopword Removal +2.7 Focuses Low cost;
attentio moderate
n on benefit.
content
terms

V. IMPLEMENTATION, MLOPS, AND
ARCHITECTURAL TRADE-OFFS

Moving LLM projects to production mandates
adherence to MLOps principles, particularly
managing data at scale and ensuring consistency
between training and deployment environments.

5.1 Ensuring Feature Consistency: Mitigating
Training-Serving Skew

The Training-Serving Skew—where preprocessing
transformations applied during training are not
replicated exactly during inference—is a major source
of production error.

e TensorFlow Extended (TFX): Solves this by
generating a single, saved tf.Transform (TFT)
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graph during training. This graph contains all
preprocessing steps (e.g., vocabulary lookup,
normalization rules) and is used identically by
both the distributed training pipeline and the
inference serving environment (e.g., TensorFlow
Serving), thus guaranteeing consistency.

e PyTorch/Custom Pipelines: Requires developers
to manually manage and serialize the
transformation objects (like a vocabulary
dictionary or custom normalizer class) to ensure
the exact same object is loaded and used in
production inference code.

5.2 Distributed Computing and GPU Acceleration
Strategies

At the petabyte scale, distributed and accelerated
processing is non-negotiable. Modern pipelines are
shifting towards GPU-native processing to eliminate
costly memory transfers between CPU and GPU.

NVIDIA RAPIDS (using libraries like cudf for GPU-
accelerated DataFrames) allows the entire workflow—
data loading, filtering, tokenization, and training—to
occur within the high-speed memory of the GPU. This
strategy has been shown to deliver performance
increases up to 483 times faster for certain subword
tokenization functions compared to traditional CPU-
bound systems like Apache Spark. This efficiency
makes GPU-centric data pipelines (e.g., Dask-backed
RAPIDS clusters) the new architectural standard for
massive-scale LLM training.

5.3 MLOps: Monitoring and Managing Preprocessing
Drift

In production, the LLM’s input distribution often
changes (data drift). The static preprocessing rules
defined initially must be monitored to prevent model
degradation.

1. Metric Tracking: Key metrics like the OOV Rate
and Token Length Distribution must be
continuously monitored. A sustained increase in
the OOV rate, for instance, signals that the
vocabulary is no longer adequate, necessitating a
retraining and update of the tokenizer itself.

2. Schema Validation: Tools within MLOps
ecosystems (e.g., TFX Schema Gen) are used to
define the expected statistical properties of the
raw input data. Any deviation from this schema
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triggers an alert, preventing malformed data from
corrupting the training or inference loop.

5.4 Synthesis of Hybrid Preprocessing Pipelines

The optimal architecture for an LLM pipeline is a
Hybrid Pipeline that strategically combines the
strengths of various tools. The most balanced and
production-ready configuration involves:

e Phase 1 (Linguistic Cleaning): Utilizing spaCy for
initial, high-speed, linguistically-aware cleaning
(tokenization, stopword removal, initial NER).

e Phase 2 (Scaling & Vectorization): Transitioning
to a  highly scalable framework like
TensorFlow/TFX or Google Cloud AI for
distributed processing, GPU acceleration, and
robust feature consistency management.

VI. ADVANCED DATA CURATION AND
MODERN LLM PIPELINE MANAGEMENT

At the trillion-token scale, data preprocessing evolves
into data curation, involving complex and resource-
intensive steps beyond simple linguistic cleaning.

6.1 Large-Scale Data Filtering and Ethical
Preprocessing

Filtering is critical for ethical compliance, safety, and
training efficiency.

6.1.1 Toxicity Screening and PII Redaction
Mechanisms

1. Toxicity Screening: The corpus must be passed
through specialized classifiers (e.g., models based
on the Jigsaw Perspective API) to filter out or flag
text categorized as hate speech, obscenity, or
explicit content. This is a crucial step for
mitigating model bias and ensuring safe output
generation.

2. Pl Redaction (Personally  Identifiable
Information): To comply with privacy
regulations, sensitive information must be
removed. The process is multi-stage:

o NER Application: Using robust Named Entity
Recognition models (like those in spaCy) to
identify categories like PERSON, ORG, and
LOC.
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o Rule-Based Matching:  Applying regular
expressions for structured data patterns (phone
numbers, social security formats).

o Substitution: The identified PII is replaced with a
generic, non-informative placeholder token (e.g.,
[NAME], [PHONE]) instead of simply being
deleted. This preserves the sentence's structure
and syntactic flow, preventing downstream
linguistic errors.

6.1.2 Heuristic Filtering and Model-Based Quality
Scoring

e Heuristic Filtering: Basic rules for removing low-
quality text (e.g., documents with fewer than K
characters, excessive boilerplate, or failed
language detection checks).

e Model-Based Quality Filtering: Specialized,
smaller LLMs or classifiers, trained on human-
labeled high-quality data, are used to assign a
quality score to each document. This allows for
the rejection of subtle, low-quality content (e.g.,
fluent but nonsensical machine-translated text)
that simple rules would miss.

6.2 Deduplication Strategies for Web-Scale Corpora

Redundant data wastes compute time, biases the
model toward overrepresented topics, reduces
generalization, and increases the risk of verbatim
memorization.

6.2.1 MinHash LSH for Near-Duplicate Detection

Exact matching is computationally infeasible for
petabytes of data. MinHash Locality-Sensitive
Hashing (LSH) provides an effective, approximate
solution for identifying near-duplicates:

1. Shingling: Documents are broken into sets of k-
shingles (sequences of k characters or tokens).

2. MinHashing: A Signature Matrix is created by
applying multiple random hash functions to the
shingle sets. The i-th entry is the minimum hash
value of the i-th function.

3. LSH: The signature matrix is divided into b
bands. Documents that hash to the same bucket in
at least one band are considered potential near-
duplicates. This dramatically reduces the number
of pairwise comparisons, making large-scale
deduplication practical.
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6.2.2 Soft Deduplication for Diversity Preservation

Standard "hard" deduplication (removing all but one
copy) can lead to overfitting and a loss of essential
dataset diversity. Soft Deduplication mitigates this by
retaining all samples but down-weighting the
sampling probability for highly redundant documents.
This method has been shown to reduce the required
number of training steps by over 26% while
maintaining the necessary breadth of the data
distribution.

VII. PREPROCESSING IN RETRIEVAL-
AUGMENTED GENERATION (RAG) SYSTEMS

When LLMs are deployed within a Retrieval-
Augmented Generation (RAG) framework, the
preprocessing objective shifts from base model
training optimization to efficient external knowledge
retrieval.

7.1 Architectural Shift: Preparing Data for Vector
Databases

RAG systems require the external knowledge base to
be prepared for dynamic query and retrieval. The
preprocessing pipeline must generate three tightly
coupled assets for the Vector Store:

1. Chunks (Text Segments): Semantic units of the
original document.

2.  Embeddings (Vector Representations):
Numerical vectors representing the semantic
content of the chunks.

3. Metadata: Structured information about the chunk
(source, date, author).

7.2 Optimal Chunking Strategies

Chunking is the cornerstone of RAG preprocessing.
Simple fixed-size chunking can break semantic
coherence, leading to low-quality retrieval. Advanced
strategies include:

1. Recursive Character Text Splitting: Splits the
document using a hierarchical set of delimiters
(\n\n, then \n, then ., then ,) to ensure splits occur
at logical paragraph or sentence boundaries first,
preserving structural integrity.

2. Semantic Chunking: A model-driven approach
where an embedding model identifies
semantically cohesive units. A split occurs when
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the embedding similarity between consecutive
sentences drops below a specified threshold,
ensuring each chunk captures a single, coherent
concept.

7.3 Enhancement of Embeddings through Contextual
Metadata Integration

Retrieval accuracy depends on the quality of the vector
embeddings. These can be enhanced using contextual
metadata integration:

1. Contextual Retrieval: An external LLM or a
specialized model is used during preprocessing to
generate a contextual description of the chunk
(e.g., a summary or an answer to a potential
question). This generated text is then
concatenated with the original chunk text before
the embedding model processes it. This method
has been shown to reduce retrieval failure rates by
35% by enriching the embedding vector with
higher-level semantic context.

2. Metadata Encoding: Essential structural metadata
(document title, date, source URL) must be
integrated by concatenating it with the text before
the embedding model runs. This enables highly
sophisticated hybrid retrieval queries that filter by
both semantic content and document attributes
(e.g., "Find details about Topic X only from 2024
news articles"), beyond mere content similarity.

7.4 Hybrid and Ensemble Retrieval Models

Optimal RAG performance relies on hybrid retrieval,
which combines:

e Dense Retrieval: Using the vector embeddings
(semantic similarity).

e Sparse Retrieval: Using keyword matching
methods like BM25.

This two-pronged approach ensures robustness. The
retrieved documents are then often passed through a
cross-encoder reranker (a small Transformer model)
which re-scores the top-N candidates for maximum
precision before the final, highest-quality documents
are inserted into the LLM's prompt context. The RAG
preprocessing pipeline must be architected to support
the generation of both the dense vector index and the
sparse keyword index (BM25 or similar).
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VIII. CONCLUSION AND FUTURE RESEARCH
TRAJECTORIES

8.1 Summary of Key Findings and Best Practices

This research confirms that data preprocessing is an
architectural bottleneck and a strategic lever for LLM
success. Rigorous data preparation yields quantifiable
benefits, including 12% higher accuracy and 18%
faster training convergence.

Architectural Best Practices:

1. Hybrid Pipeline is Optimal: The ideal production
architecture integrates the linguistic speed of
spaCy for initial cleaning with the Very High
Scalability —and feature consistency of
TensorFlow/Cloud Al platforms.

2. Prioritize High-Value Techniques: The highest
marginal returns come from Data Augmentation
(+8.9%) and Subword Tokenization (+6.2%),
justifying the higher compute budget required for
these steps.

3.  MLOps Mandates: Consistent preprocessing must
be guaranteed via tools like tf.Transform to
eliminate Training-Serving Skew. The pipeline
must incorporate continuous monitoring (OOV
Rate) to manage data drift.

4. RAG Preprocessing is Distinct: For RAG
systems, the focus shifts to semantic and recursive
chunking, and enriching embeddings with
contextual metadata to maximize retrieval quality.

8.2 Persistent Challenges and Limitations

Despite these advancements, managing data at scale
presents persistent challenges:

1. Cost of Curation: Advanced ethical and
efficiency-focused curation (e.g., MinHash LSH
deduplication, LLM-based quality scoring)
introduces significant computational overhead
that requires careful budget planning.

2. Bias and Diversity Trade-offs: The necessary
filtering of toxic or biased content must be
balanced against the risk of creating a "model
sterility" where the LLM is unable to safely
handle complex or adversarial real-world inputs
due to a lack of diversity in its training data.

3.  Multimodality: Current frameworks are primarily
optimized for text. The rapid expansion of LLMs
into multimodal models requires the development
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of new, integrated frameworks capable of
efficiently aligning, processing, and encoding
different data types (text, image, audio) at scale.

8.3 Future Directions: Adaptive LLM-Based Curation
and Multimodal Processing

Future research should focus on automating the
preprocessing pipeline:

e Adaptive Curation: Utilizing smaller, specialized
LLMs within the preprocessing pipeline itself for
tasks such as automated error detection, PII
extraction, and sophisticated quality filtering.
This moves preprocessing from a static, rule-
based system to a dynamic, LLM-informed
system.

e Integrated Multimodal Frameworks: Developing
unified  preprocessing  architectures  for
multimodal data. This involves defining novel
tokenization and alignment strategies for different
modalities (e.g., cross-modal attention, audio
feature extraction using VGGish or spectrogram
analysis) and benchmarking the efficiency of their
concurrent processing within a single, highly
scalable pipeline.
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