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Abstract 

Integrating small language models with large language models addresses cost and decision-intelligence challenges in enterprise 

automation. The combination mitigates latency concerns while harnessing the semi-supervised accuracy of LLMs, achieving a 

lower total cost of ownership in typical Enterprise Generative AI scenarios—model hosting, inference, data transfer, maintenance—

by leveraging small-model alternatives. Small language models exhibit high-performance inference capabilities; they efficiently 

execute simple tasks and process Benchmark data for fine-tuning or evaluation. Although users require low-latency responses, a 

hybrid setup with LLMs as bad-weather models enhances speed without sacrificing completeness. Exploration of Routing Rules 

ensures adequate fault containment and multiple Monitoring and Rollback Models enable configuration updates during live 

execution. 

Scalable architectures, including dynamic resource scaling, task prioritization, data-caching strategies, and on-demand hardware, 

improve hybrid deployments. Coupled with cloud economics and energy-efficient edge serving, hybrid Generative – AI systems 

support a Cost-Effective Green Enterprise strategy. Decision-Intelligence implementations harness Candidate Signals across the 

Decision Matrix to focus on Explainable Decision Results. Data from various sources is fused into cohesive inputs, with Structured 

Data augmenting Unstructured Text via Schema-aware Feature Engineering, Context-driven Retrieval-Augmented Generation 

(RAG), and Semantic-scale Querying. A Robust Data Quality Pipeline validating Input Quality, Provenance, and Query Answering 

completes the solution. 

Although enterprise data—text, audio, videos, and images, alone or in combination—is potentially exploitable across the 

Automation and Decision-Intelligence spectrum, the Adequacy Principle for Utilization requires an integrated Data-Governance 

Framework that ensures model utility and risk mitigation. GMLIG Questions EMC, ETL Logic, Proprietary Content Protection, 

Auditing for Model Bias, and Risk Management are key Data-Governance Principles that influence Design. 

Keywords :Hybrid Generative AI,Small Language Models (SLMs),Large Language Models (LLMs),Enterprise 

Automation,Decision Intelligence,Cost-Efficient AI Systems,AI Model Orchestration,Multi-Model AI Architecture,Intelligent 

Workflow Automation,Scalable Enterprise AI.

1. Introduction 

Hybrid generative AI systems are public-domain 

architectures integrating small LMs with closed-source 

LLMs, improving cost efficiency and expanding enterprise 

use cases. Cohort-based deployment patterns segregate model 

pools across predictability and quality intervals, optimizing 

risk, forecasting, and generative tasks. Moreover, latency-

sensitive processes leverage small LMs directly, while high-

stakes requests undergo additional scrutiny. These principles 

reduce inference volume, operational maintenance, and total 

cost of ownership. Cost components—model hosting, 

inference, data transfer, and upkeep—are assessed, revealing 
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substantial savings through hybridization. Enterprise-focused 

resource-allocation strategies, including dynamic scaling, 

prioritization, caching, on-demand loading, localized 

proximity, and energy management further enhance expense 

efficiency. 

Accelerating enterprise Digital Transformation (DT) hinges 

on balancing cost and time. Integrative Decision Intelligence 

(DI) and Automation combine Business Process Management 

with AI-supported decision formulation and execution. 

Sophisticated solutions employ closed-source.  

Parameter 
Small Language 

Models (SLMs) 

Large Language 

Models (LLMs) 

Model Size Lightweight Very Large 

Inference Speed Fast Moderate to Slow 

Cost of 

Deployment 
Low High 

Energy 

Consumption 
Lower Higher 

Latency Minimal Higher 

Domain 

Adaptability 

Strong for Specific 

Tasks 
Broad Generalization 

Infrastructure 

Needs 
Limited Hardware 

High-End GPU/TPU 

Clusters 

Governance 

Complexity 
Moderate High 

Hallucination 

Risk 
Moderate Moderate to High 

Enterprise Usage 
Real-Time 

Automation 

Complex Decision 

Intelligence 

Table 1: Comparison Between Small Language Models 

and Large Language Models 

1.1. Data Governance and Compliance Considerations 

The above governance elements and principles must be 

followed in hybrid models based on their deployment patterns 

and support the regulatory and compliance requirements of 

the enterprise. Common principles of data governance and 

compliance that are applicable for generative AI systems also 

apply for hybrid systems. Hybrid systems add further 

complexities that raise additional governance concerns or 

require more exhaustive considerations to mitigate risk. Key 

areas include effective and explainable control of data leakage 

and model hallucinations, validating and testing task 

outcomes by audit processes to ensure a regulatory or 

compliance required duty of care, provisioning with deep 

context to be able to give more accurate and relevant 

outcomes, and establishing risks associated with deployment 

of small models and any associated injection or poisoning 

risks. The responsibility of governance across the entire 

system life cycle—including development, professional 

service firms, and model training domain—also becomes 

critical. 

2. Foundations of Generative AI in 

Enterprise 

Foundations of Generative AI in Enterprise 

Generative AI combines foundational models with 

knowledge conditioning to generate convincing output. 

Generative models approximate data distributions given a 

data corpus, enabling sampling of new content by imitating 

the training set. Foundation models are pre-trained on large 

corpora of text, image, or audio data across multiple tasks, 

later transformed into generative models. A second stage 

conditions the generative model through instruction-based 
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prompting, reinforcement learning (RL), or retrieval 

augmentation. Prompt engineering directs the embedded 

knowledge toward usable outputs. Generative AI-governed 

content can appear authentic, useful, and complete, but 

production and governance challenges must be addressed. 

Small language models (SLMs) fulfill the generative AI 

definition and can handle language-based tasks but incur 

higher latency due to limited conditioning and sampling 

speed. Relative performance, latencies, data footprints, and 

operating costs of SLMs and large language models (LLMs) 

account for their incorporation into automation and decision-

intelligence use cases for a hybrid model and controller 

architecture. These flow data to services, conduct queries, and 

generate LM requests, serving primarily as folders. SLM 

performance maps onto data flow. 

 

Hybrid Gen AI Routing 

 

Hybrid AI Cost vs Accuracy Analysis 

2.1. Small Language Models: Capabilities and Limitations 

Small language models excel in concise instruction following 

and domain-specific reasoning. Performance evaluation 

focuses on hallucination rates, relevance, and helpfulness. 

Prominent small language models, capable of instruction 

adherence and domain specialization, include Bloomz, 

CEREBRO, Dolly, FLAN, LaMDA, Mistral, OPT, Phoenix-

M, PyGodot, T0, T0pp, T5, T5.5, Ultra-MiniLM, Vicuna, and 

WizardLM. Fine-tuning costs, enhanced domain proficiency, 

and fast responsiveness remain founder priorities. 

Infrastructure, assembly speed, maintenance demand, and 

ongoing updates deserve equal consideration. While 

definitive evaluation criteria are still evolving, leading factors 

include hallucination rate, relevance, and helpfulness. Health 

information queries are being assessed with distinct metrics. 

The distinction between model-centric and task-centric 

benchmarks should also be recognized. The open-source 

community is currently devising suitable datasets and metrics 

for Imitation-Centric remarks. 

A persistent concern surrounding small language models is 

their susceptibility to hallucinations, where generated text 

lacks truthfulness. However, these outages are not just a 

product of the model's size. Relational and commonsense 

hallucinations frequently impact larger models with less 

securing training procedures. Secondary leakage of sensitive 

training samples can emerge during the testing phase and may 

endanger brands and companies. Implementing an Imitation-

Centric methodology, which aims to collectively fine-tune 

multiple models with a shared dataset, is resource intensive. 

Its thoroughness is expected to surpass prompt-tuning. The 

evolving adapt-reason-judge pipeline resembles the Three-

Stage Activity Model used to explain problem-solving 

behavior in humans. 
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Cohort-Based Deployment 

Architecture 

Pattern 

Primary 

Function 
Advantages Limitations 

Orchestrator 

Routes tasks 

between SLMs 

and LLMs 

Better task 

specialization 

Increased 

coordination 

complexity 

Adapter 

Connects 

heterogeneous 

AI services 

Easier 

integration 

Additional 

middleware 

overhead 

Proxy 

Controls model 

access and 

governance 

Enhanced 

security and 

compliance 

Potential 

bottlenecks 

Cohort-Based 

Deployment 

Uses 

segregated 

model pools 

Cost-efficient 

scaling 

Requires 

monitoring 

logic 

Tiered 

Processing 

Assigns tasks 

based on 

complexity 

Reduced 

inference 

costs 

Added 

routing 

latency 

Table 2: Hybrid Gen AI Architectural Patterns 

3. Hybrid Architectures for Enterprise 

Automation 

Architectural patterns—such as orchestrator, adapter, and 

proxy—that enable cost-efficient enterprise automation by 

connecting small LMs with LLMs are discussed. The data 

flow of Task 2 and Task 3 between the two model classes is 

specified, together with the associated trade-offs between 

inference latency and accuracy. The integration of governance 

aspects into hybrid models is also examined, followed by 

criteria for selecting the appropriate architectural pattern. 

Hybrid Gen AI systems can employ three representative 

architectural patterns, namely orchestrator, adapter, and 

proxy. These patterns introduce coordination mechanisms 

between distinct yet complementary LM classes to derive 

cost-efficient solutions for enterprise needs across 

automation, augmentation, and ad-hoc use cases. An 

orchestrator permits the disassembly of prompting tasks into 

subtasks, thereby enabling specialized Model-as-a-Service 

(MaaS) implementation in segregated pools optimized for 

specific requirements. Within the context of Task 2, the 

internal flow of structured data from a small LM through the 

orchestrator to an external LLM is demonstrated. By routing 

distinct subtasks to their respective data reservoirs, the 

orchestrator minimizes the risk of hallucinations and 

facilitates real-time fault management for generating textual 

missions and evaluating resource alternatives, Therefore, a 

fully operational setup for this task combining human breadth 

with AI depth relies upon tiered infrastructure and routing 

rules. 
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Enterprise Resource Scaling Efficiency 

3.1. Cohort-based Deployment patterns 

Cohort-based deployment of hybrid Gen AI systems uses 

segregated pools of small language models (SLMs) for 

different classes of tasks; applies tiered processing and 

routing rules; supports fault containment; and implements 

simple model-selection logic, monitoring, and rollback 

mechanisms. Smaller LMs are less expensive than larger 

LLMs, and cohort-based deployment trades off additional 

latency for reduced total cost of ownership while preserving 

sufficient resilience. Cost modelling reduces the cost of any 

deployment beyond a threshold by allocating additional 

resources. 

Cohort-based deployment processes distinct types of requests 

independently through pools of specialized SLMs. Routing 

rules direct requests to the appropriate pool, and monitoring 

and rollback mechanisms address potential failures. When 

traffic levels remain low, a monolithic system incurs less cost 

than a hybrid with tiered processing; the opposite holds as 

load increases. Cohort-based deployment can therefore be 

particularly useful during rapid spikes in demand. 

Cost 

Component 
Description 

Hybrid 

Optimization 

Strategy 

Model Hosting 
Infrastructure for 

running models 

Dynamic resource 

scaling 

Inference Cost 
Runtime query 

execution cost 
SLM-first routing 

Data Transfer 
Movement of 

enterprise data 

Edge deployment & 

caching 

Maintenance 

Updates, 

monitoring, 

retraining 

Automated rollback 

mechanisms 

Energy 

Consumption 

Cooling and 

hardware power 

Energy-efficient 

serving 

Scaling 

Infrastructure 

Resource 

provisioning 

Serverless/on-

demand loading 

Table 3: Enterprise Cost Components in Hybrid AI 

Systems 

 

Cost-Efficient Automation 

4. Cost-Efficiency through Hybridization 

Cost-efficiency is a primary driver for hybridizing generative 

AI architectures. Successful adoption of hybrids requires 

careful selection of operating patterns, resource allocation and 
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cloud infrastructure decisions. These factors influence the 

total cost of ownership (TCO) and capital versus operational 

expenditure trade-offs. 

Cost components cover model hosting, inference, data 

transfer, and ongoing maintenance. TCO is compared across 

hybrid and monolithic approaches, revealing levers to reduce 

expense. Accelerating inference is a key concern, examined 

in the context of resource allocation (on-the-fly scaling, 

prioritization, caching, and loading) and hardware choices 

(on-premises versus cloud, dedicated versus general-purpose 

servers) with energy efficiency considerations. Decision 

intelligence capabilities in hybrid setups are also explored. 

Hybrids do not lower TCO or accelerate response time for 

every enterprise deployment. Segregating small LMs into 

dedicated pools for similar content and usage patterns reduces 

model-selection overhead and organizes inference-

consuming tasks on interchangeable components. Deploying 

complex tasks on larger LLMs only when low-latency 

responses matter further lessens operating burden. Cohort-

based deployment presents a tactical solution, employing 

segregated pools with tiered processing and routing rules to 

balance cost and risk containment. Resource metrics trigger 

scaling actions, while dedicated monitoring and rollback 

mechanisms guide model-selection logic. 

 

Latency Reduction using Hybrid Models 

Mathematical Formulas: 

1. Hybrid Cost  

𝐶𝐻 = 𝐶𝑆𝐿𝑀 + 𝐶𝐿𝐿𝑀 + 𝐶𝑅 + 𝐶𝑀 

 

2. Total Cost of Ownership  

𝑇𝐶𝑂 = 𝐶𝐻 + 𝐶𝐼 + 𝐶𝐷 + 𝐶𝑀𝑎𝑖𝑛𝑡 

 

3. Cost Saving  

𝑆 =
𝐶𝑀𝑜𝑛𝑜 − 𝐶𝐻

𝐶𝑀𝑜𝑛𝑜
× 100 

 

4. Hybrid Latency  

𝐿𝐻 = 𝐿𝑅 + 𝐿𝑀 + 𝐿𝐺  

 

5. Routing Decision  

𝑅(𝑥) = {
𝑆𝐿𝑀, 𝑇(𝑥) ≤ 𝜏
𝐿𝐿𝑀, 𝑇(𝑥) > 𝜏

 

 

6. Model Selection Score  

𝑀∗ = arg⁡max⁡(𝐴 − 𝜆𝐶 − 𝜇𝐿) 

 

7. Accuracy–Cost Tradeoff  

𝑄 = 𝛼𝐴 − 𝛽𝐶 − 𝛾𝐿 
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8. Hallucination Risk  

𝐻𝑅 = 1 − 𝑃(𝑇 ∣ 𝐶) 

 

9. Decision Confidence  

𝐷𝐶 =
∑𝑤𝑖𝑠𝑖
∑𝑤𝑖

 

 

10. RAG Answer Score  

𝐴𝑅 = 𝑓(𝑄, 𝐾, 𝐶𝑡𝑥) 

 

11. Resource Scaling  

𝑅𝑠 =
𝐷𝑡
𝐶𝑝

 

 

12. Carbon Efficiency  

𝐸𝑐 =
𝐸𝑛𝑒𝑟𝑔𝑦

𝑅𝑒𝑞𝑢𝑒𝑠𝑡𝑠
 

 

13. Governance Risk  

𝐺𝑅 = 𝐻𝑅 + 𝐷𝐿 + 𝐵𝑅 

 

14. Data Quality Score  

𝐷𝑄𝑆 = 𝑉 + 𝑃 + 𝐶 

 

15. Hybrid Utility  

𝑈𝐻 = 𝐴 − (𝐶 + 𝐿 + 𝑅) 

 

4.1. Resource Allocation and Scaling Strategies 

To mitigate cost, reduce resource consumption, and optimize 

quality-of-service within hybrid Gen AI deployments, 

multiple resource allocation strategies can be applied. In 

scenarios with sudden spikes of requests, dynamic scaling 

provides Compute-as-You-Need provisioning for hosting 

models, thereby preventing the wasteful and expensive 

constant provisioning of resources. Within dedicated cohorts, 

Inferencing-as-You-Need mechanisms optimize load 

distribution among models differentiated by accuracy, 

latency, or cost. ID-based routing rules, along with model-

selection logic and monitoring mechanisms, further enhance 

cost efficiency. Latency-sensitive cohorts may also minimize 

running costs by caching responses to frequently occurring 

queries. Where speed is less critical, on-demand model 

loading and execution models improve quality-of-experience 

by preferring higher-performing models. Finally, choices 

regarding the underlying model hosting infrastructure—

whether on-prem, in the cloud, or a combination of both—

should also seek to minimize the carbon footprint per request 

as much as possible. 

Strategy Objective 
Enterprise 

Benefit 

Dynamic Scaling 
Allocate compute 

during spikes 

Reduced 

operational cost 

Query Caching 
Store frequent 

responses 

Faster response 

time 

On-Demand 

Model Loading 

Load models only 

when required 

Lower memory 

usage 
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Strategy Objective 
Enterprise 

Benefit 

Dedicated Cohorts 
Specialized model 

pools 

Better 

performance 

efficiency 

Cloud Bursting 
Shift workloads to 

cloud 

Improved 

scalability 

TPU-Based 

Acceleration 

Hardware 

optimization 
Lower latency 

Table 4: Resource Allocation and Scaling Strategies 

 

Decision Intelligence Flow 

5. Decision Intelligence in Hybrids 

Decision Intelligence in Hybrids 

Decision Intelligence (DI)9 enables organizations of all sizes 

to hone their decision-making capabilities – a crucial 

differentiator for success and a massive opportunity for 

positive impact. Hybrid Generative AI systems can aid DI in 

three distinct areas. First, generative capabilities allow for the 

integration of multiple incoming signals, with hybrid 

structures being uniquely positioned to connect structured and 

unstructured, digital, and human data sources. Second, 

sensitivity analysis can be provided to help users understand 

the uncertainty of the output and the likelihood of success, 

allowing users to make decisions with a better understanding 

of the outcome’s reliability. Finally, hybrid systems can also 

help generate decision-ready insights and foster higher-order 

thinking: informing decisions, outlining action plans, 

suggesting follow-up questions, and providing caveats or 

considerations. 

 

Structured + Unstructured Data Fusion 

5.1. Integrating Structured Data and Unstructured Text 

Structured decision-support signals can be complemented 

with Generative Aid-relevant text inputs from Enterprise 

Sources, Third-party Sources (Social Media, News), 

Knowledge Bases (Fact Sources) and the User. Combining 

these non-structured signals remains a challenge and involves 

four key capabilities—Data Schema Matchmaking, Feature 

Engineering, RAG and Ontology Alignment—discussed 

below. 

**Data Schema Matchmaking** 

Any data signal from the organization's internal systems has 

a defined schema (XSD or XSL) used to enforce the structure 

at the API endpoints. These APIs define two key aspects—

what data needs to be pushed from a system to be ingested by 

other systems and how data quality is maintained across 

systems. These schemas are used to derive feature vectors for 

every user request interrogating multiple enterprise systems. 

User requests must be mapped to these schemas to avoid 

incorrect usage of data and details being missed while 

answering the user queries. 
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**Feature Engineering** 

Once a user query is associated with a valid API Schema, that 

schema's routing logic is followed to retrieve data from 

relevant systems. Generic features required for every 

structured data call are loaded prior to the data retrieval—

either via caching or computation, depending on the usage 

patterns. The structured feature vector with other external 

structured data (e.g., Knowledge Base and Signal Data) is 

then used by the Generative Aid model to provide a well-

rounded answer to the user query. 

**Retrieval-Augmented Generation** 

In retrieval-augmented generation (RAG), a retrieval 

component is used to find contextually relevant passages from 

a large body of Documents, Articles, FAQs and Extracts from 

Knowledge Bases for a given user query before these 

passages are provided as context to an LLM for answer 

generation. Providing External Context helps fill the LLM 

hallucination gaps as these passages provide the knowledge 

that the model lacks. RAG models can also be used to provide 

structured data attributes of the signal data and current context 

to or enhance the answer generated by the Generative Aid 

model. 

**Ontology Alignment** 

Enterprise Ontologies defined informally in the organization 

across business functions can be used to enrich LLM Inputs 

and Outputs. When integrated, these Ontologies help 

Improvise the Query By Eliminating Model Mechanisms That 

Might Generate Wrong Answers. 

DI Component Function Outcome 

Signal Integration 

Combines structured 

and unstructured 

inputs 

Better 

situational 

awareness 

DI Component Function Outcome 

Sensitivity 

Analysis 

Evaluates uncertainty 

levels 

Improved risk 

assessment 

Action 

Recommendation 

Generates next-step 

suggestions 

Faster decision-

making 

Ensemble Methods 
Combines multiple 

model outputs 

Increased 

reliability 

Benchmarking 
Compares alternative 

decisions 

Optimized 

business actions 

Explainability 

Layer 

Provides reasoning 

transparency 

Regulatory 

compliance 

Table 5: Decision Intelligence Components in Hybrid AI 

 

Governance Pipeline 

6. Conclusion 

Current interest in generative AI revolves around the promise 

of automating decision-relevant tasks associated with 

enterprise decision intelligence—especially by capitalizing 

on the emergence of large language models. A study of the 

practical implementation of these technologies highlights 

opportunities for integrating small language models with 

large language models to address cost challenges of training 

and inferences too, while also accelerating the delivery of 

enterprise automation. Such hybrids address both front- and 

back-office applications, ranging across unstructured and 

structured data—including natural language and structured 

data such as tables, images, and graphs. 

A multi-dimensional analysis of cost factors related to 

infrastructure deployment, loading and inference, data 
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transfer, and ongoing maintenance demonstrates that a hybrid 

approach can both lower trade-off options when more than 

one model deployment is considered and reduce overall cost 

of ownership. Resource allocation and scaling strategies 

further improve cost-efficiency. Thus, small language models 

can assist large language models in a hybrid setup to optimize 

total cost of deployment, utilization, and ongoing 

maintenance—both for a set of task-oriented cohorts and 

within an infrastructure aligned with best-practice 

considerations for enterprise governance and compliance. 

 

Governance & Risk Mitigation Metrics 
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