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Executive Summary

Over the next few years, most enterprise work will be done with the help of AI systems that can car‐

ry out tasks on their own, not just answer questions. This shift will touch every part of the business,

from front-office customer interactions to middle-office workflows and back-office operations.

Companies built around AI from day one are already designed this way. Older, established compa‐

nies usually are not, and many are finding it hard to catch up.

Two problems hold them back.

The first is control over data: Sending company information to an outside AI provider means trusting a sys‐

tem you cannot see inside, run by a vendor you do not control. For banks, insurers, hospitals, and govern‐

ment suppliers, that raises real questions about privacy rules, regulatory approval, and whether valuable in‐

ternal knowledge is quietly leaking out of the building. In many industries, the answer is simply that the data

cannot leave.

The second is cost: Large, general-purpose AI models are priced by how much text they read and write.

That is affordable for a pilot project with a few hundred users. It becomes very expensive when the same

model is processing billions of tokens across high-volume daily operations. Costs rise in step with usage, so

the more successful the rollout, the bigger the bill. Many organizations discover this only after they have

committed.

At Sabr Research, we believe the answer is for enterprises to build, own, and run their own AI models, shaped

around the specific work they actually do. A smaller model that has been trained on a company's own docu‐

ments, terminology, and processes can match or beat a much larger general model on that narrow task, while

costing substantially less to run at sustained volume. It also stays inside the company's own walls.

These are commonly called Small Language Models, or SLMs. In this paper, SLM refers to models typically in

the 7 to 12 billion parameter range, small enough to run on a single GPU and large enough to carry expert-level

reasoning once specialized. Being smaller makes them practical to deploy almost anywhere: on servers in a

company's own data center, in a private cloud, or directly on hardware in the field, including laptops, mobile

devices, and local servers. That flexibility is what makes company-wide use realistic rather than theoretical.

The result is a different position for the business. Instead of renting intelligence from a vendor and hoping the

terms hold, the company owns it, controls where it runs, knows what it costs, and keeps the advantage that

comes from its own accumulated knowledge.

DEPARTMENT MODELS FOUR ADVANTAGES

Control over data

Nothing crosses the

boundary

Faster responses

Sub-second, on local

hardware

Lower overall cost

Fixed, not per-token

Higher accuracy

Trained on the exact

work

Fig. 1 A specialized SLM per department, all inside the company perimeter.
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LEGAL
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Policy
answers
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Case triage
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OWN DATA · OWN HARDWARE Nothing leaves the perimeter

COMPANY PERIMETER
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The Case for Specialized Small Language Models

When you break an enterprise workflow down into its actual steps, most of those steps turn out to

be small and repetitive: reading a document to extract key fields, checking a claim against a policy,

confirming a form is complete, or routing a request to the right team. These tasks happen thousands

of times a day, follow predictable patterns, and operate within a bounded set of outcomes.

GENERAL LARGE MODEL

Typically hundreds of

billions to trillions

PARAMETERS

HARDWARE NEEDED Multiple servers

RUNS ON Massively parallel GPU clusters, or

rented cloud

SPECIALIZED SMALL MODEL

Typically 7–12B
PARAMETERS

HARDWARE NEEDED One device

RUNS ON A single GPU, a local server, or an

edge device

Fig. 2 Small models are far smaller, so they run on hardware a company already owns.

Sending each of these small steps to a massive, general-purpose model is like hiring an expensive consultant

to sort the mail. You end up paying for vast general intelligence when all you need is a precise, repeatable

outcome.

Why a smaller model can win

The common assumption is that a larger model is inherently better. On a narrow, well-defined task, that turns

out not to be true. A large general model is trained on an enormous range of material across history, code, po‐

etry, medicine, and sports. That breadth makes it useful for open-ended questions. But when the task is simply

to extract a policy number, incident date, and claim amount from a standard form, almost none of that broad

knowledge is helpful. The model is doing a narrow job with an overly complex toolset.

A smaller model trained specifically on a company's own documents, terminology, and historical decisions has

seen that exact work countless times. It understands what an internal claim form looks like, what company

codes mean, and what a complete record requires. On that specific task, it is often more accurate than a larger

model, not despite being smaller, but because its training was tailored to the work rather than to everything at

once.

THE CORE ADVANTAGE

A specialized small model that has learned how your organization reasons can match or beat
a large general model on your organization's specific tasks.
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Economics of Enterprise Inference

Consider a mid-sized insurance firm processing 10,000 complex claim documents daily. A single

claim involves multiple steps: reading the document, retrieving related records, cross-checking poli‐

cies, resolving queries, and generating structured outputs. Including retries, a single claim con‐

sumes roughly 50,000 tokens end to end, or around 180 billion tokens per year.

Third-Party Commercial API Self-Hosted Specialized SLM

Annual volume 180 billion tokens 180 billion tokens

Direct operational

cost
~$630,000 per year1, rising with usage ~$265,000 per year2, fixed capacity

Speed & reliability Subject to public network latency, rate limits,

and vendor downtime

Sub-second response times for typical

structured outputs, on local or private

infrastructure under your direct control

Data privacy Sensitive company data leaves your perimeter

to be processed externally

Data remains entirely within your secure

security boundary

1 Assumes a blended rate of approximately $3.50 per million tokens, reflecting a mid-tier commercial model and a typical enterprise mix of input

and output tokens. Premium models cost three to five times more; lighter models cost less. Published API pricing fluctuates frequently, and this

figure excludes engineering, integration, and retry overhead, meaning the true operational total for third-party APIs is often higher.

2 The self-hosted figure covers three things: roughly $140,000 for the servers that run the model, $25,000 for the initial build of the specialized

model, spread over three years, and $100,000 for the staff time to operate and periodically update it. That staff cost does not exist with a third-

party API, and is the main reason the advantage narrows at lower volumes. Hardware costs vary with the equipment chosen and how efficiently

the model is configured to run on it.
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With an external provider, costs grow indefinitely alongside adoption. With a model you own, the core in‐

frastructure investment is made upfront, while the marginal cost of additional operations remains minimal.

These economics are volume-dependent. Break-even against mid-tier API pricing occurs at roughly 50 billion

tokens per year. Below that threshold, a commercial API is usually the more economical choice, and the case

for self-hosting rests on data residency rather than cost.

Annual cost by token volume

Third-party API Self-hosted specialized SLM
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Fig. 3 API costs rise with every token. Self-hosted costs are mostly fixed. Below roughly 50 billion tokens
per year, the API is cheaper.
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How We Specialize Small Models

A general model does not know when it is out of its depth. When asked about an internal policy code

or proprietary edge case, it will often produce a plausible-sounding hallucination rather than admit it

lacks the answer. In a regulated enterprise workflow, a confident wrong answer is far more danger‐

ous than no answer at all.

General Large Models Specialized Small Models

Model size Typically hundreds of billions to trillions of

parameters

Typically 7 to 12 billion parameters

Hardware needed Massively parallel GPU clusters or rented

cloud infrastructure

A single GPU, a standard local server, or

directly on user devices

Domain accuracy Broad general knowledge; prone to guessing

on company-specific rules

Trained on your exact workflows, terminology,

and operational standards

Ownership &

control

Limited to prompt engineering; underlying

weights are proprietary and locked

Fully owned and run in-house; easily retrained

as business needs evolve

How we specialize models

A base small model arrives with strong general language capabili‐

ties, but it lacks your domain context: your terminology, internal

logic, and expert decision-making processes. Bridging that gap

requires precise fine-tuning.

The usual approach is to train the model on a pile of company

documents. This teaches it the style of your material without the

judgment underneath it. You get a model that sounds like your or‐

ganization but does not reason like it.

Our model specialization methodology takes a different approach:

it trains models directly on expert reasoning paths. By learning

the step-by-step logic, weighted factors, and rule applications

that human experts use to solve complex problems, the model

learns to reach conclusions the same way your best people do.

This enables it to navigate novel, unseen cases with expert-level

judgment rather than simply repeating past outputs.

THE USUAL APPROACH

Train on documents

Sounds like you

Reproduces how your organization writes.

OUR APPROACH

Train on expert reasoning paths

Decides like you

Reproduces how your organization decides, even

on cases it has never seen.

Fig. 4 Only reasoning-trained models
generalize to new cases.
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Case Study: Specialized Appellate Law Model

In high-stakes legal workflows, organizations require dedicated AI systems capable of analyzing

complex appellate law without sending confidential case files to external public APIs.

We specialized an open-weights 8-billion-parameter model (Llama 3.1 8B) on appellate case review. Rather

than training it on raw case documents, we trained it on the step-by-step logic experts use to reach a decision.

The model predicts whether a lower court ruling should be upheld, overturned, or partly both.

Measured Results & Business Impact

65.5%
ACCURACY

Correctly predicted the court outcome,
ahead of Claude 4.5 Sonnet at 61.1%
and close behind DeepSeek R1 at 67.3%
both far larger models.4

+20 pts
OVER RAW-TEXT TRAINING

The same 8B model trained on raw case
documents scored 45.1%. The gain comes
from the training method, not the
model size.

27×
LOWER COST

Blended per-token operating cost versus
Claude 4.5 Sonnet, measured on the
client’s own infrastructure.3

Two further results matter for day-to-day use. The specialized model returned its answer in the required format

on every single test case, which not every model managed. It also gave the most concise reasoning of any

model tested, including both of the far larger ones. Shorter explanations are quicker for a lawyer to check, and

cheaper to run.

A detailed technical write-up of the reasoning-trace training method used in this project is available at

sabrresearch.com/blogs/chains.

3 Marginal operating cost once infrastructure is in place. Setup and specialization costs vary by deployment and are scoped per engagement.

4 Measured on held-out appellate cases across three outcome classes (affirm, reverse, mixed). Full methodology and results at

sabrresearch.com/blogs/chains.
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Enterprise Implementation Framework

Deploying domain-specific AI across an enterprise requires a clear, structured methodology. Without

a defined roadmap from initial scoping to long-term operational maintenance, organizations struggle

to move from early experimentation to scalable production.

Our framework provides a disciplined, five-phase process designed to take an enterprise from initial workflow

selection to fully integrated, AI-native operations.

01
02

03
04

05

PHASE 1

Use Case Selection

Scope & Value Mapping

We collaborate with operational leaders to identify

candidate workflows. Target processes must meet

two criteria: high enough volume to justify au‐

tomation, and enough domain complexity that gen‐

eral models struggle.

PHASE 2

Proof of Concept

Validation & Security Setup

We build an initial model on a narrow slice of the

workflow and configure the target deployment envi‐

ronment (on-premise servers, private cloud, or

edge hardware) to verify accuracy, speed, and

hardware requirements before scaling.

PHASE 3

Proprietary Benchmarking & Evaluation

Ground-Truth Test Suite

We work with your team to convert past decisions

and domain rules into a standardized test suite. This

establishes a clear baseline for model accuracy,

flags failures on edge cases, and provides a contin‐

uous metric to verify performance against your op‐

erational standards before the model handles live

work.

PHASE 4

Production Scale

Full Workflow Rollout

Once the model meets the agreed accuracy thresh‐

old on your benchmark, it is integrated into existing

systems through enterprise APIs to process pro‐

duction workloads under standard security

protocols.

PHASE 5

Retraining & Maintenance

Ongoing Model Maintenance

We set up automated pipelines to retrain the model on a fixed schedule using newly processed work and ex‐

pert corrections. This keeps the model aligned as internal policies, terminology, and document formats change

over time.
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Capturing Your Operational Advantage

Every enterprise possesses decades of accumulated judgment, specialized decisions, and local

knowledge that no general third-party model can access. By combining dedicated model specializa‐

tion with custom ground-truth evaluation, Sabr Research helps organizations turn that hidden knowl‐

edge into a permanent, owned advantage.

Fig. 5 A five-stage implementation framework.

If your organization is considering how to implement these patterns, our team can help. Get in touch at sabrre‐

search.com/contact.

F I V E - S T A G E

F R A M E W O R K

01

02

0304

05

Use case selection

Chosen for the work worth specializing.

Proof of concept

Proven on one narrow task first.

Benchmarking & evaluation

Measured against expert-verified

answers.

Production scale

Deployed once the benchmark is

met.

Retraining & maintenance

Fed by newly reviewed work.
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Infrastructure & Deployment

Because specialized SLMs operate efficiently within a footprint of typically 7 to 12 billion parameters,

enterprise deployment does not require custom data center builds or massive GPU clusters. A typi‐

cal production instance runs comfortably on a single standard GPU or modest, mainstream cloud

server.

Depending on regulatory constraints and network topography, enterprise deployments generally follow one of

three architectural patterns:

Deployment

pattern Target infrastructure Primary use case

Network

dependency

On-Premise Local GPU servers,

air-gapped data

centers

Highly regulated data (legal, healthcare, defense)

where zero external traffic is permitted

Fully Offline

Private Cloud Isolated cloud

containers (AWS VPC

/ Azure VNet)

Scalable enterprise workflows for organizations with

existing cloud governance

VPC / Internal

API

Edge &

Endpoint

Laptops, mobile

devices, local

workstations

Field operations, remote sites, or latency-critical

applications requiring sub-second response

Local

Execution
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Human Oversight in AI-Native Workflows

The future of enterprise work is domain experts directing and evaluating AI reasoning on complex

tasks. Specialized models handle routine volume, while experts focus on high-impact edge cases

and quality control.

For human supervision to work at enterprise scale, model outputs need to be transparent. If a model only pro‐

vides a final answer, an expert has to redo the entire work just to verify it. When the model explains its reason‐

ing step by step, including what factors it considered and rejected, experts can review the decision quickly and

spot errors immediately.

Fig. 6 Expert review feeds two loops: one changes the model, one measures it.

We work directly with client teams to turn this daily expert review into a structured asset. Our engineers collab‐

orate with your domain experts to curate supervised fine-tuning datasets that reflect your company's actual

reasoning standards. At the same time, expert-validated cases are continually added to your custom bench‐

mark suite so evaluation metrics stay aligned with evolving operations.

Whether evaluating clinical diagnostic rationale, legal appeal summaries, or financial audit flags, expert review

shifts from inspecting every routine output to actively shaping the model's intelligence.

OPERATIONAL
TASKS

Specialized

model

Reasoned output

STEP BY STEP EXPERT
REVIEW

L O O P  1  ·  T R A I N I N G

Expert corrections → tuning

Edge cases → benchmark

L O O P  2  ·  A S S E S S M E N T
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Enterprise Use Cases

Unstructured Data Processing

Contracts, medical records, regulatory filings, and unstructured correspondence contain critical business infor‐

mation trapped in non-standard formats. Specialized models extract, classify, and structure this data locally at

high throughput, sharply reducing manual data entry while ensuring sensitive documents never leave your se‐

curity perimeter.

Agentic Workflow Automation

Complex enterprise operations are best handled by narrow, purpose-built sub-agents running end to end.

Whether reviewing an insurance claim against policy rules, validating loan documentation, or reconciling finan‐

cial statements, each agent handles a specific, bounded task with high accuracy and low operational latency.

Domain-Specific Reasoning

General models provide generic answers based on public web data, missing the nuances of your business. By

training models directly on your company's past decisions, internal standards, and expert logic, we deploy spe‐

cialized systems that solve complex problems using your organization's exact reasoning methods.
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Conclusion & Next Steps

Transitioning from third-party LLM APIs to custom Small Language Models allows enterprises to cut

operational costs, achieve sub-second latency, keep sensitive data inside your own perimeter, and

turn internal knowledge into a permanent competitive advantage.

To explore how Sabr Research can help your organization build,

evaluate, and deploy domain-specific models, connect with our

team.

sabrresearch.com/contact

14

https://www.sabrresearch.com/contact

