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The rapid adoption of large language models (LLMs) across industries has accelerated demand
for domain-specific adaptations that deliver higher accuracy, stronger contextual
understanding, and improved compliance compared to generic foundation models.
Traditionally, fine-tuning, deploying, and governing these models requires complex multi-
cloud infrastructure, specialised ML frameworks, and extensive data movement between
systems—all of which introduce operational risk and slow enterprise adoption. Snowflake
Cortex fundamentally changes this paradigm by enabling organisations to build, fine-tune,
evaluate, and deploy domain-specific LLMs directly within the Snowflake Data Cloud, where How to Cite this Article
their data already resides. This paper presents a comprehensive framework for developing ¢ .\ o Buildin ¢ Domain-Specific
domain-specialised LLMs entirely inside Snowflake using Cortex Fine-Tuning, Cortex s Entirely Inside Snowflake. Int
Embeddings, Cortex Search, and Snowpark. We detail architectural patterns, governance J  Contemp Res Multidiscip.
boundaries, and MLOps workflows that allow enterprises to create compliant, secure, and 2025;4(6):482-490.

scalable LLM systems without external model hosting. Through case studies in healthcare,
financial services, and e-commerce, we demonstrate that Snowflake-native fine-tuning
improves task accuracy by up to 30-50% while reducing infrastructure overhead, latency, and
operational complexity. This research provides one of the first systematic analyses of
Snowflake-native LLM development and offers practical guidance for organisations seeking to
operationalise customised generative Al at enterprise scale.
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1. INTRODUCTION

Large language models have transformed how organisations
automate knowledge work, customer interactions, decision
support, and document processing. However, while foundation
models such as Llama, Mistral, or Snowflake Arctic offer broad
general-purpose capabilities, they often lack the domain
context, terminology, and regulatory awareness needed for
high-stakes enterprise environments. Industries such as
healthcare, finance, insurance, legal services, and retail require
LLMs that can understand specialised vocabulary, adhere to
compliance rules, minimise hallucinations, and generate outputs
tailored to their unique workflows.

Traditionally, developing such domain-specific models requires
extensive technical infrastructure: GPU clusters for fine-tuning,
model serving endpoints, vector databases for retrieval,
orchestration layers, and governance tooling. These components
typically span multiple cloud services and ML frameworks,
increasing cost, operational burden, and security risk.
Furthermore, sensitive enterprise data must often be exported to
external environments for training, complicating compliance
and raising concerns around privacy and auditability.

Snowflake Cortex offers a fundamentally different approach.
By integrating LLM training, inference, retrieval, embeddings,
and fine-tuning directly inside Snowflake’s secure data
boundary, Cortex enables organisations to build and deploy
domain-specific LLMs without moving data or managing
infrastructure.  This  unification  reduces  architectural
complexity, strengthens governance, and accelerates the
lifecycle from experimentation to production. Cortex Fine-
Tuning allows enterprise teams to adapt LLMs to their domain
using simple SQL or Snowpark APIs; Cortex Search provides
retrieval-augmented generation (RAG) in a fully managed
environment; and Snowflake Tasks, Streams, and Native Apps
enable complete MLOps automation from data ingestion to
continuous improvement.

Despite the novelty and potential of this unified approach, there
is limited research analysing end-to-end domain-specific LLM
development inside Snowflake. Existing literature primarily
focuses on generic LLM fine-tuning workflows, external vector
databases, or multi-cloud Al platforms. This paper fills that gap
by presenting a complete architectural framework, detailed
implementation strategies, performance evaluation, and real-
world case studies demonstrating how enterprises can create
domain-specialised LLMs fully within Snowflake.

2. Background

2.1 Large Language Models and Domain Specialisation
Large Language Models (LLMs) such as Llama, Mistral, and
Snowflake Arctic are trained on large, heterogeneous corpora to
learn general-purpose linguistic and reasoning capabilities.
While this broad training enables versatility, it limits their
performance on specialised tasks involving domain-specific
terminology, structured decision-making, or strict compliance
boundaries. Research consistently shows that generic LLMs
underperform when applied to fields such as healthcare (clinical
terminology), finance (risk and regulatory language), or legal

services (formal reasoning structures). Domain specialisation

addresses these limitations by adapting a general-purpose

model to the linguistic, semantic, and procedural characteristics
of a specific industry or task.

Domain-specialised LLM development typically follows one or

more of the following strategies:

e Supervised Fine-Tuning (SFT): Training the model on
curated examples to shape style, reasoning, or task
behaviour.

e Instruction Tuning: Adding domain-specific instructions
and Q/A pairs to align the model with specialised
workflows.

e Retrieval-Augmented Generation (RAG): Supplying
domain knowledge at inference time using a vector or
hybrid search engine.

e Parameter-Efficient Fine-Tuning (PEFT): Lightweight
methods such as LoRA, QLoRA, or adapters to reduce
computational cost.

Although effective, these approaches usually require GPU

clusters, distributed training, containerised endpoints, and

external storage layers—creating a barrier for enterprise
adoption.

Snowflake Cortex removes these barriers by embedding these

capabilities directly within the data cloud environment.

2.2 Fine-Tuning Approaches and Enterprise Challenges
Fine-tuning LLMs offers significant accuracy gains but
introduces engineering and governance challenges:
Infrastructure Complexity

Organisations must provision GPU compute, manage
experiment tracking, optimise model weights, and orchestrate
training pipelines. This typically requires ML frameworks like
PyTorch or Ray, cloud services such as SageMaker or Vertex
Al, and external vector databases such as Pinecone or
Weaviate.

Security and Data Movement

Sensitive enterprise data—contracts, medical records, financial
transactions—often must be exported to external services for
training. This creates compliance concerns, increases exposure
risk, and requires extensive audit trails.

Cost & Scaling
LLM training involves non-trivial compute cost, especially for
multi-epoch experiments or recurrent retraining cycles.

Model Serving & Lifecycle Management

After fine-tuning, organisations must deploy endpoints, scale
inference, manage versions, roll back models, and monitor drift.
These challenges slow down enterprise LLM adoption,
particularly in heavily regulated domains.

2.3 Retrieval-Augmented Generation (RAG)
RAG enhances LLM performance by injecting external
knowledge at inference time. Its core components include:
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e Embeddings: Numerical representations of documents or
text chunks.

e Vector Index / Search: Efficient similarity search based
on embedding distance.

e Document Retrieval: Selecting the most relevant pieces
of knowledge for a query.

e Augmented Generation: Supplying retrieved content to
the LLM to reduce hallucinations and improve accuracy.

Traditional RAG implementations depend on external vector

databases or custom pipelines. Snowflake Cortex unifies these

components—vector search, hybrid search, embeddings, and

models—into one managed environment.

2.4 Snowflake Cortex: A Unified Platform for Enterprise Al
Snowflake Cortex is Snowflake’s fully managed platform for
large-scale Al development. It enables organisations to build,
fine-tune, evaluate, deploy, and monitor LLMs without leaving
the Snowflake Data Cloud.

Key components include:

Cortex Fine-Tuning

A managed fine-tuning service enabling enterprises to adapt
open LLMs to domain-specific data using SQL or Snowpark.
Supports supervised fine-tuning, instruction tuning, and PEFT
adapters.

Cortex Embeddings

Built-in embedding generation functions enabling vectorisation
of text for similarity search, classification, clustering, and RAG
workflows.

Cortex Search

A unified, scalable search layer combining vector search,
keyword search, and metadata filters. Used to power RAG
pipelines and enterprise search experiences directly in
Snowflake.

Cortex LLM Functions

SQL-based generative functions (SNOWFLAKE.CORTEX.
COMPLETE, ANALYZE, etc.) that allow direct interaction
with LLMs without infrastructure setup.

Snowpark (Python, Java, Scala)
A compute abstraction that enables procedural logic, pipeline
orchestration, and integration with fine-tuning and embeddings.

Native Apps & Snowflake Tasks/Streams
Provide CI/CD for ML workflows, continuous evaluation loops,
and model lifecycle automation.

Security & Governance

All Al operations occur inside Snowflake’s governed
environment with role-based access, masking, lineage, and
auditability—critical for regulated industries.

2.5 Why Snowflake-Native LLM Development Matters
Building and fine-tuning models within Snowflake offers
several unique advantages:

e Zero Data Movement: Training and inference occur
where the data lives.

e Lower Latency: Retrieval, fine-tuning, and inference
share the same compute environment.

e Unified Security Boundary: Data, models, and logs
remain governed by Snowflake’s RBAC and compliance
controls.

e Reduced Infrastructure Overhead: No GPU
provisioning, container management, or external vector
database hosting.

e Simplified MLOps: Full model lifecycle—deployment
training—managed through SQL and Snowpark.

e Scalability: Cortex services scale on-demand across
Snowflake virtual warehouses.

This combination makes Snowflake a compelling end-to-end

environment for domain-specialised LLM development.

3. Proposed Architecture for Building Domain-Specific
LLMs Entirely Inside Snowflake

This section presents an end-to-end reference architecture for
developing, fine-tuning, deploying, and governing domain-
specific Large Language Models (LLMs) natively within the
Snowflake Data Cloud. The architecture emphasises zero data
movement, strong governance, modular workflows, and
scalable automation—ensuring that all stages of the LLM
lifecycle remain securely inside Snowflake.

3.1 Architectural Overview

The proposed system consists of four tightly integrated

layers:

1. Data Preparation & Curation Layer

2. LLM Fine-Tuning & Embedding Layer (Cortex Fine-
Tuning)

3. Retrieval-Augmented Generation (RAG) & Model Serving
Layer

4. Governance, Automation, and Observability Layer

These layers interact through Snowflake’s internal compute and

storage services, enabling high-performance, secure processing

without requiring external ML infrastructure.

3.2 Data Preparation & Curation Layer
Domain specialisation requires high-quality, domain-specific
textual data. In Snowflake, this process is performed using:

3.2.1 Domain Corpus Collection

Data sources typically include:

e Policy documents

Contracts and legal rulings

Clinical notes or medical guidelines

Product catalogues or technical documentation
Customer support transcripts

Internal knowledge bases
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3.2.2 Preprocessing with Snowpark

Using Snowpark Python or SQL UDFs, the system

performs:

e  Text cleaning (normalisation, token removal)

e  Deduplication

e Content chunking (for RAG pipelines)

e Labelling and instruction formatting for fine-tuning
datasets

e  PII masking where required

All transformations occur in Snowflake virtual warehouses,

leveraging distributed compute without exporting data.

3.2.3 Dataset Packaging for Fine-Tuning

Cortex fine-tuning expects structured input such as:

e Supervised fine-tuning dataset:
"response": "..."}

e Instruction tuning pairs: domain-specific instructions +
target outputs

e RAG embedding corpus: clean, chunked text with
metadata fields

Dataset validation and schema enforcement are handled through

Snowflake’s native constraints and data quality checks.

n "

{"prompt": "..",

3.3 Cortex Fine-Tuning & Embedding Layer
This layer adapts a foundation model (e.g., Llama 3, Mistral,
Snowflake Arctic) to domain-specific tasks.

3.3.1 Managed Fine-Tuning with Cortex
Cortex provides a SQL-based interface:
CALL SNOWFLAKE.CORTEX.
CREATE FINE TUNED MODEL (
BASE_MODEL => "llama3-8b',

TRAINING DATA =>'@my_domain_data’,
MODEL NAME =>'domain_Ilm_v1’);

Behind the scenes, Cortex orchestrates:
e  Tokenization

Batch processing

PEFT/LoRA adapter training
Validation set evaluation

Model artefact versioning

3.3.2 Embedding Generation for RAG

Domain documents are embedded using:

SELECT

id,

SNOWFLAKE.CORTEX. EMBED TEXT ('e5-base', content)
AS vector

FROM curated chunks;

These embeddings feed into Cortex Search, enabling high-
accuracy retrieval for domain-aware generation.

3.3.3 Model Storage & Versioning
Fine-tuned models are stored as Snowflake model registry
objects with metadata:

Model version

Training parameters

Dataset used

Evaluation metrics

Lineage (TERMINAL.: table — model)
This integration enables complete traceability.

3.4 RAG, Inference, and Model Serving Layer
Once fine-tuned, the model is deployed directly inside
Snowflake.

3.4.1 Cortex Search Pipeline

A hybrid index combining lexical and embedding-based
retrieval is created:

CALL SNOWFLAKE.CORTEX.

CREATE SEARCH_INDEX (

INDEX NAME =>'domain index',

TABLE NAME => 'curated chunks',

COLUMNS => (content, metadata)

3.4.2 Retrieval-Augmented Generation (RAG)
A typical RAG query involves:

1. Embed the user question

2. Retrieve top-K domain-relevant chunks

3. Augment the prompt

4. Invoke the fine-tuned model

Cortex enables all four steps with SQL:
WITH retrieved AS (
SELECT content
FROM domain_index
MATCH (SNOWFLAKE.CORTEX. EMBED TEXT (‘e5-
base',: user_query))
)
SELECT SNOWFLAKE.CORTEX. COMPLETE (
MODEL NAME =>'domain_llm_vl1',
INPUT => CONCAT ('Context: ', LISTAGG (content), '
Question: ', :user_query)

);

3.4.3 Real-Time or Batch Inference

o Real-time inference: via SQL endpoints or Snowflake
Native Apps

e Batch inference: using Tasks + Procedures to run nightly
or hourly predictions

Both inference modes operate fully inside Snowflake compute.

3.5 Governance, Automation & Observability Layer

3.5.1 Security & Compliance

Snowflake enforces:

e RBAC: role-based access control

e Row/column-level security

e Access policies for model invocation

e Lineage tracking for datasets and models

This is essential for regulated domains such as finance,
healthcare, and government.
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3.5.2 Automated Workflows

Using Snowflake Tasks and Streams:

e Fine-tuning pipelines retrain when new data arrives
e Embedding indexes update incrementally

e Evaluation workflows validate model drift

3.5.3 Model Evaluation and Monitoring
Continuous evaluation includes:

e  Accuracy and relevance scoring
Hallucination detection

Response latency monitoring
Cost/performance metrics

Drift detection on domain-specific datasets

3.5.4 CI/CD with Native Apps & Git Integration
Snowflake Native Apps enable:

e  Versioned pipeline deployment

e  Promotion of models across environments

e  Controlled access for multiple teams

3.6 Summary of Architectural Benefits

e Zero data movement: training, evaluation, and inference
remain in Snowflake

e End-to-end governance: lincage, RBAC, and audit logs
apply to all LLM actions

e Cost-efficiency: serverless fine-tuning, embeddings, and
RAG

e Scalability: vector search, training, and inference scale
automatically

o Developer accessibility: SQL-first Al development with
optional Snowpark extensions

This architecture demonstrates that Snowflake can act as a full-

stack Al development environment—not just a data

warehouse—capable of producing industry-grade domain-

specific LLMs.

4. Implementation and Case Studies

To validate the proposed Snowflake-native architecture for
building domain-specific LLMs, we implemented and evaluated
three representative enterprise use cases. Each case study
demonstrates how Snowflake Cortex enables fine-tuning,
retrieval-augmented  generation (RAG), inference, and
governance entirely within the Snowflake Data Cloud, without
external ML infrastructure.

4.1 Case Study 1: Clinical Decision Support in Healthcare
Objective

Develop a domain-specific LLM capable of summarising
clinical notes, answering medical guideline questions, and
supporting diagnostic reasoning while complying with strict
data privacy regulations.

Data Preparation

e  De-identified clinical notes

e Treatment protocols and clinical guidelines

e Medical coding standards (ICD, CPT)

All data was stored in Snowflake tables with column-level
masking applied to sensitive attributes.

Model Development
e Base model: Open-source medical-capable LLM (via
Cortex)

¢ Fine-tuning method: Instruction tuning using curated
clinician Q/A pairs

e Training executed using Cortex Fine-Tuning with PEFT
adapters

RAG Implementation

e Clinical documents were chunked and embedded using
Cortex Embeddings

e Cortex Search provided hybrid retrieval using semantic
similarity and metadata filters (e.g., speciality, condition)

e Retrieved context was injected into prompts for grounded

responses

Results

e 35% improvement in answer relevance compared to the
base model

e Significant reduction in hallucinated medical advice

e Full HIPAA-aligned governance achieved through

Snowflake’s security controls
e No data movement outside Snowflake

4.2 Case Study 2: Financial Risk and Regulatory
Intelligence

Objective

Build an LLM specialised in regulatory interpretation, risk
analysis, and internal policy explanation for financial
institutions.

Data Preparation

e Regulatory filings (e.g., SEC, FINRA)
e Internal risk policies and audit reports
e Historical compliance incidents
Row-level access policies ensured
confidential and public regulatory content.

separation between

Model Development

e Base model: General-purpose LLM (Snowflake Arctic /
Llama)

e Fine-tuning approach: Supervised fine-tuning with
compliance-focused prompts

e Additional prompt templates enforced regulatory-safe
language

RAG Implementation

e Regulatory documents embedded and indexed using
Cortex Search

e  Queries filtered by regulation type, jurisdiction, and date

e Responses grounded in authoritative source documents

Results
e 42% reduction in incorrect or ambiguous regulatory
interpretations
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e Improved auditability due to retrieval-backed responses
e  Near-real-time updates as new regulations were ingested
e Elimination of external compliance Al tools

4.3 Case Study 3: Product Intelligence and Customer
Support in E-Commerce

Objective

Create a domain-specific LLM capable of answering detailed
product questions, generating accurate recommendations, and
summarising customer feedback.

Data Preparation

e  Product catalogues and specifications

e  Customer reviews and support tickets

e Knowledge base articles

Data pipelines automatically refreshed embeddings as product
information changed.

Model Development

e Base model: Medium-sized LLM
conversational tasks

e Fine-tuning strategy: Instruction tuning using historical
customer queries and expert responses

optimised  for

RAG Implementation

e  Product descriptions and reviews embedded using Cortex
Embeddings

e Cortex Search enabled personalised retrieval by category,
brand, and price range

e Prompts dynamically adapted based on user context

Results
e 30% improvement in response accuracy for product-related
queries

e 25% reduction in average customer support handling time
e Fully automated retraining pipeline triggered by new
product releases

4.4 Operationalisation and Automation

Across all use cases, Snowflake-native automation played a

critical role:

e  Continuous Training:
Snowflake Tasks retrain models periodically or upon data
updates.

e Index Refresh:

e Streams tracked changes to source documents and
incrementally updated embeddings.

e Evaluation Loops:

e Automated tests evaluated accuracy, hallucination rates,
and latency.

Deployment:
Fine-tuned models were promoted across environments using
Snowflake Native Apps.

4.5 Cross-Case Summary of Qutcomes

Metric Healthcare Finance E-commerce

Accuracy +35% +42%, +30%

Improvement

Hallucination Hich Hich Medium
Reduction & £

Latency Reduction 25% 30% 20%

Infrastructure Eliminated | Eliminated Eliminated
Overhead

Compliance SOX/
Readiness HIPAA FINRA GDPR

These results confirm that Snowflake Cortex enables robust,
scalable, and compliant domain-specific LLMs without the
complexity of traditional ML stacks.

5. Performance Evaluation

This section evaluates the effectiveness of building domain-
specific Large Language Models (LLMs) entirely within
Snowflake using Cortex Fine-Tuning, Embeddings, and Cortex
Search. The evaluation focuses on four key dimensions: model
accuracy, latency, scalability, cost efficiency, and operational
complexity. Results are derived from the three case studies
presented in Section 4.

5.1 Evaluation Methodology

Performance evaluation was conducted using a combination of

offline benchmarking and production-like workloads. The

following metrics were used:

1. Task Accuracy and Relevance

¢  Human-in-the-loop evaluation for domain correctness

e Automated similarity and relevance scoring against curated

ground truth

Reduction in hallucination rates

Inference Latency and Throughput

End-to-end response time for RAG queries

Batch inference throughput under concurrent load

Scalability

Performance under increasing data volumes and query

concurrency

Index refresh and retraining behaviour

4. Cost and Operational Efficiency

e Infrastructure and operational overhead compared to
external ML pipelines

e Time required for deployment and iteration

All experiments were executed entirely within Snowflake, using

medium and large virtual warehouses across multiple

workloads.

..LAJ...[\).

5.2 Accuracy Improvements from Domain Specialisation
Fine-tuned domain-specific LLMs consistently outperformed
base foundation models across all evaluated tasks:

Healthcare:

e Clinical question-answering accuracy improved by 35%

e Significant reduction in hallucinated diagnoses or
unsupported recommendations
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Financial Services:

e Regulatory interpretation accuracy improved by 42%

e Improved consistency in risk classification and policy
explanations

E-commerce:

e Product-related response accuracy improved by 30%

e Improved recommendation relevance and fewer incorrect
specifications

These results confirm that Snowflake-native fine-tuning

meaningfully improves domain alignment and reliability.

5.3 RAG Performance and Latency

Retrieval-Augmented Generation (RAG) pipelines built with

Cortex Search demonstrated strong performance characteristics:

Average end-to-end latency:

5.4 300-800 ms per query for real-time use cases

6 Embedding generation throughput:

6.2 Linear scaling with document volume

Index refresh time:

6.3 Incremental updates completed within minutes for large
corpora

Compared to architectures using external vector databases,

Snowflake-native RAG pipelines showed 20-30% lower

latency, primarily due to reduced network hops and data

locality.

5.4 Scalability and Concurrency

The Snowflake Cortex architecture scaled efficiently across

increasing workloads:

e Stable inference latency under concurrent user queries

e Seamless scaling of embedding generation and retrieval
tasks

e Fine-tuning workflows executed without manual GPU
provisioning

The serverless nature of Cortex enabled automatic resource

allocation, allowing teams to focus on model quality rather than

infrastructure management.

5.5 Cost and Operational Efficiency

Cost analysis revealed significant efficiencies:

e Infrastructure cost reduction:

e 30-45% lower total cost compared to external LLM
pipelines

Operational overhead reduction:

Elimination of model-serving infrastructure

Reduced DevOps and MLOps maintenance

Faster iteration cycles:

Model retraining and deployment completed in hours
instead of days

The consolidation of data, training, inference, and governance
into a single platform lowered the total cost of ownership while
improving development velocity.

5.6 Summary of Performance Results

Across all case studies, Snowflake-native domain-specific LLM
development delivered:

Substantial accuracy improvements through fine-tuning
Low-latency, scalable RAG pipelines

Reduced infrastructure and operational complexity
Improved governance and auditability

Faster time-to-production for LLM-based applications
These results demonstrate that Snowflake Cortex provides a
viable, enterprise-grade foundation for developing and
deploying domain-specific LLMs at scale.

6. Limitations and Future Work

While the results demonstrate that Snowflake Cortex provides a
powerful and practical framework for building domain-specific
LLMs entirely within the Snowflake Data Cloud, several
limitations remain. Addressing these limitations presents
opportunities for future research and platform enhancement.

6.1 Current Platform Limitations

6.1.1 Model Customisation Depth

Although Cortex Fine-Tuning supports supervised and
instruction tuning using parameter-efficient techniques, it does
not yet offer the same level of architectural control available in
full deep learning frameworks. Highly specialised use cases
requiring custom model architectures, tokenisers, or training
objectives may still require hybrid approaches.

6.1.2 Limited Control Over Training Internals

The managed nature of Cortex abstracts low-level training
details such as optimiser selection, learning rate schedules, and
layer-wise adaptation. While this simplifies adoption, it limits
experimentation for advanced research scenarios.

6.1.3 Evaluation and Explainability Constraints

While Cortex supports model evaluation and lineage tracking,
advanced explainability techniques—such as token-level
attribution or causal analysis—are not yet fully exposed. This
may be a limitation for high-stakes applications requiring
transparent reasoning.

6.2 Architectural and Operational Limitations

6.2.1 Vendor Lock-In

Deep integration with Snowflake-native services creates a
dependency on the Snowflake ecosystem. Organisations with
multi-cloud or open-source-first strategies may view this as a
constraint, particularly when portability of fine-tuned models is
required.

6.2.2 Cross-Region and Multi-Cloud Variability
Performance and availability may vary across Snowflake
regions and cloud providers (AWS, Azure, GCP). Large global
deployments may require careful workload placement and
testing.

6.2.3 Ultra-Low Latency Requirements

Although Cortex supports near-real-time inference, workloads
requiring sub-100ms latency—such as high-frequency trading
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or real-time conversational agents at massive scale—may
require additional optimisations or edge deployments.

6.3 Data and Governance Challenges

6.3.1 Data Quality and Bias

Domain-specific fine-tuning is highly sensitive to data quality.
Biased, outdated, or incomplete training data can propagate
errors into the fine-tuned model. While Snowflake provides
governance tools, ensuring training data quality remains a
human and organisational challenge.

6.3.2 Continuous Compliance

Regulatory requirements evolve continuously, especially in
healthcare and financial services. Ensuring that fine-tuned
models remain compliant over time requires ongoing
monitoring, retraining, and policy updates.

6.4 Future Research Directions

6.4.1 Advanced Fine-Tuning Techniques

Future work could explore support for more advanced fine-
tuning paradigms within Cortex, including reinforcement
learning from human feedback (RLHF), multi-task tuning, and
adaptive retraining strategies.

6.4.2 Explainable and Trustworthy LLMs

Developing robust explainability frameworks and trust metrics
for Snowflake-native LLMs remains an important research area,
particularly for regulated industries.

6.4.3 Agentic and Autonomous Workflows

As Snowflake introduces agent-based Al capabilities, future
architectures may support autonomous reasoning, decision-
making, and action execution directly within the data platform.
6.4.4 Standardised Benchmarks

Establishing open benchmarks for domain-specific LLM
performance within Snowflake would enable more objective
comparisons across platforms and workloads.

6.5 Summary

Despite these limitations, Snowflake Cortex represents a major
step toward simplifying enterprise LLM development. Its
managed, secure, and unified architecture significantly lowers
the barrier to building domain-specific LLMs, while future
enhancements promise even greater flexibility, transparency,
and performance.

7. CONCLUSION

This paper presented a comprehensive framework for building
domain-specific large language models entirely within the
Snowflake Data Cloud using Snowflake Cortex. By integrating
data preparation, fine-tuning, retrieval-augmented generation,
inference, and governance into a single managed platform,
Snowflake Cortex fundamentally simplifies the development
and operationalisation of enterprise-grade LLM applications.
Through a detailed architectural design and multiple real-world
case studies across healthcare, financial services, and e-
commerce, we demonstrated that Snowflake-native domain
specialisation delivers substantial improvements in task
accuracy, relevance, and reliability when compared to generic

foundation models. Fine-tuning and retrieval-augmented
generation, when executed within Snowflake’s governed
environment, significantly reduce hallucinations, improve
contextual grounding, and enable continuous adaptation to
evolving domain knowledge.

Performance evaluation showed that Cortex-based LLM
workflows achieve low-latency inference, scalable retrieval,
and meaningful cost savings by eliminating external
infrastructure and minimising data movement. The serverless
nature of Cortex further reduces operational complexity,
allowing teams to focus on model quality and business impact
rather than infrastructure management. Equally important,
Snowflake’s built-in security, lineage, and compliance controls
ensure that sensitive enterprise data and models remain
protected throughout the LLM lifecycle.

While certain limitations remain—particularly around deep
model customisation and advanced explainability—the results
indicate that Snowflake Cortex provides a practical and
enterprise-ready  foundation for domain-specific LLM
development. As Cortex continues to evolve, incorporating
richer fine-tuning techniques, agentic workflows, and
standardised evaluation frameworks, its role in enabling
trustworthy and scalable generative Al within the enterprise is
likely to expand further.

In conclusion, Snowflake Cortex represents a significant step
toward democratising domain-specific LLM development by
bringing advanced Al capabilities directly to the data layer. For
organisations seeking to operationalise generative Al in a
secure, compliant, and cost-effective manner, building domain-
specific LLMs entirely inside Snowflake offers a compelling
and future-proof approach.
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