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SAIN (Specialized Al Networks):

SAIN is an innovative Al system designed to efficiently leverage the power of large language
models on devices with limited resources. It achieves this by employing a network of smaller,
specialized Al models, each expertly trained for a specific task (e.g., Python code generation,
Spanish translation, creative writing). A central parent "Assistant" Al acts as a conductor,
intelligently routing user requests to the appropriate specialist model. This dynamic allocation of
resources allows SAIN to deliver high-quality, task-specific results while minimizing the memory
footprint and processing requirements on the user's device. SAIN combines the breadth of a
large language model with the efficiency of specialized models, making advanced Al capabilities
accessible on a wider range of hardware.

Overview

SAIN (Specialized Al Networks): Making Al More Efficient and Accessible

SAIN represents a novel approach to deploying large language models by breaking down a
massive frontier model (600-700B parameters) into a lightweight assistant (1B parameters) and
specialized models (5B parameters each). This architecture delivers comparable performance
while dramatically reducing computational requirements and costs.

Key Benefits:

Mobile Deployment:

SAIN's efficient design enables true mobile Al capabilities, fitting within an 8GB GPU RAM
constraint. The always-running assistant handles basic tasks immediately, while specialists are
loaded on-demand for complex operations. This brings powerful Al capabilities to phones and
laptops without requiring constant cloud connectivity. The reduced model size also means
significantly better battery life and thermal performance.

Cloud Efficiency:

In cloud deployments, SAIN demonstrates remarkable efficiency gains. Compared to frontier
models requiring 700GB of RAM and multiple A100 GPUs, SAIN operates on consumer-grade
GPUs with just 8GB of RAM. This translates to approximately 97% cost reduction in cloud
operations, with monthly costs dropping from $60,480 to $1,728 for handling 1 million queries per
day. The system also delivers 10x higher throughput, processing 5-15 tokens per second
compared to 0.5-1 tokens per second for frontier models.
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Flexibility and Scalability:

The modular nature of SAIN allows for selective updates and improvements. Individual specialists
can be enhanced or replaced without affecting the entire system. This modularity also enables
easier scaling, as organizations can add or modify specialists based on specific needs. The
system can operate in hybrid modes, running sensitive operations locally while leveraging cloud
resources for more intensive tasks.

Risks and Challenges:

1. Development Complexity:

- Initial creation of effective specialists requires significant expertise
- Training costs for multiple specialists ($500K-800K total)

- Need for careful APl design between assistant and specialists

2. Performance Consistency:

- 2-3 second loading time when switching specialists

- Potential for slightly lower performance on edge cases
- Need for clear task boundaries and routing logic

3. System Management:

- More complex deployment pipeline managing multiple models
- Need for effective caching and memory management

- Requirement for robust fallback mechanisms

Implementation Considerations:

SAIN can be deployed in various configurations depending on needs. Mobile deployments benefit
from reduced power consumption and offline capabilities, while cloud deployments see massive
cost savings and improved scalability. The system can also operate in hybrid modes, keeping
sensitive operations local while leveraging cloud resources for intensive tasks.

The economics are particularly compelling: while there's an upfront investment in developing
specialists, the operational savings are substantial. Cloud deployments see 97% cost reductions,
while mobile deployments enable capabilities previously impossible on consumer devices.

Future Potential:

As mobile hardware continues to evolve, SAIN's approach becomes even more relevant. The
ability to run powerful Al capabilities locally while maintaining cloud-level performance opens new
possibilities for privacy-conscious applications, edge computing, and ubiquitous Al assistance.
The modular nature also allows for continuous improvement and adaptation as Al technology
advances.



This approach represents a significant step toward making advanced Al capabilities more
accessible and efficient, whether deployed in the cloud or on personal devices, while maintaining
high performance and reducing operational costs.

Original idea
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Mobile computing devices are limited in GPU resources specifically teraflops and GPU accessible
RAM. In 2025 it looks like 8 GB of GPU accessible RAM is about as good as we can expect for our
thought experiment.

The average frontier model today is 600 Billion parameters. This is too large to fit in mobile device
RAM.

So the thought experiment today is to create Al specialist that will fit in GPU ram of about 8 GB so
approximately a 6 billion parameter or less model or models (1x Assistant, 1x Specialists) that is
really good in one specialty and scores as good as the frontier model that is two orders of
magnitude larger.

Then we create one Al assistant that is somewhere between 1 and 6 billion parameters and its job
is to be running all the time and handle simple requests like tasking, light conversation and adding
calendar entry, etc. but will also spawn one of the specialist Al if you ask it a specific question
that falls in that domain. Examples could be; I've got this python code, or; Can you help me
translate this into Spanish please?

Regarding the challenges of running super-sized Al models on smaller devices. We want to get
the same kind of performance from those giant models on something like a phone or a laptop.
There are a few different ways to make this work. One idea was to break the big model into
smaller ones, each focused on a specific task. Another idea was to use a technique called
distillation, which is basically like copying some of the knowledge from a huge model onto a
smaller one.

Instead of a non trained 5-6B model we should consider the importance of finding a good starting
point for a smaller model. Either start from scratch or use a pre-trained model, which is like using
a model that's already learned some basic stuff.

Always active Al Assistant

This is a really interesting architectural evolution. Let me break down the pros and cons of this
"always-on assistant" approach:

PROS:



1. Continuous Context Maintenance

- Assistant maintains conversation context even during specialist switches
- No loss of conversational state

- Better user experience through continuous engagement

2. Improved Responsiveness

- Zero latency for basic interactions

- Assistant can acknowledge and manage user input during specialist swaps

- Can provide status updates during specialist loading ("I'm bringing in our Python expert...")

3. Resource Management

- Clear memory allocation: 1B for assistant + 5B for specialist = 6B total
- Predictable memory footprint

- Simplified memory management with only one swap target

4. System Architecture Benefits

- Clear command and control structure

- Single point of user interaction

- Simplified error handling and fallback mechanisms

- Better conversation coherence

- Potential for assistant to prepare specialist with relevant context before handoff

5. User Experience

- Seamless transitions between specialists

- No perceived system "freezes" during model swaps
- More natural conversation flow

- Consistent interface regardless of active specialist

CONS:

1. Resource Limitations

- Permanent 1B parameter overhead for assistant

- Reduced maximum specialist size to 5B (from 6B)

- Potential impact on specialist performance due to size reduction
- Less flexibility in memory allocation

2. Architectural Complexity

- Need for robust communication protocol between assistant and specialists

- More complex context sharing mechanisms

- Need to manage potential conflicts between assistant and specialist responses



3. Development Challenges

- Need to carefully define assistant vs. specialist responsibilities
- More complex testing requirements

- Need for sophisticated handoff protocols

- Potential for increased development time

4. System Design Considerations

- Need for careful APl design between assistant and specialists
- More complex state management

- Potential for message queue bottlenecks through assistant

- Need for priority handling system

5. Performance Tradeoffs

- Overhead of message passing through assistant

- Potential latency in specialist responses due to intermediary
- Additional processing for context maintenance

RECOMMENDATIONS:
1. Implementation Strategy

Assistant (1B) [Always Active]
I

—— Context Manager
—— Task Router
—— Response Coordinator

I
Specialist Pool (5B) [Hot-Swappable]

—— Specialist A
—— Specialist B
L—— Specialist C

2. Optimization Opportunities

- Implement predictive loading of specialists based on conversation context
- Cache frequently used specialist transitions

- Optimize context passing between assistant and specialists

- Develop efficient state synchronization mechanisms

3. Risk Mitigation
- Implement graceful degradation if specialist loading fails



- Maintain clear boundaries between assistant and specialist responsibilities
- Design robust error handling and recovery mechanisms
- Implement monitoring and diagnostics

Would you like me to elaborate on any of these aspects or explore specific implementation details
for any part of this architecture?

This approach does seem to offer significant advantages in terms of user experience and system
reliability, despite some increased complexity in implementation. The tradeoff of reducing
specialist size by 1B parameters to maintain continuous context and responsiveness appears
worthwhile.

Requirements

I'll convert these into formal aerospace-style requirements using "shall" (mandatory) and
"should" (desired but not mandatory) statements.

SAIN SPECIALIST MODEL REQUIREMENTS SPECIFICATION

1.0 MODEL SIZE AND RESOURCE CONSTRAINTS

1.1 The model SHALL NOT exceed 6 billion parameters.

1.2 The model SHALL operate within 8GB of GPU RAM during execution.

1.3 The model SHALL be stored on device SSD.

1.4 The model SHALL have a minimum size of 1 billion parameters.

1.5 The model SHOULD utilize efficient compression techniques where applicable.

2.0 PERFORMANCE REQUIREMENTS
2.1 The model SHALL achieve 290% of the original frontier model's performance scores in its
designated specialty domain.
2.2 The model SHALL have defined performance metrics for its specialty.
2.3 Performance Latency:
2.3.1 The model SHOULD load from SSD to GPU RAM in <3 seconds.
2.3.2 The model SHALL provide initial response in <500ms.
2.3.3 The model SHOULD maintain continuous interaction latency of <100ms.

3.0 SPECIALIZATION REQUIREMENTS

3.1 The model SHALL demonstrate measurable superiority in its designated domain.

3.2 The model SHALL maintain context coherence throughout user interactions.

3.3 The model SHALL have clearly defined domain boundaries.

3.4 The model SHALL provide appropriate fallback mechanisms for out-of-domain requests.



4.0 INTEGRATION REQUIREMENTS

4.1 The model SHALL implement standardized APIs for parent assistant communication.

4.2 The model SHALL support defined handoff protocols between parent and specialist models.
4.3 The model SHALL manage state and context passing efficiently.

4.4 The model SHALL perform complete memory cleanup post-task.

5.0 RESOURCE MANAGEMENT

5.1 The model SHALL support dynamic loading/unloading.

5.2 The model SHALL implement efficient GPU memory management.
5.3 The model SHOULD implement caching for frequent operations.

5.4 The model SHALL optimize power consumption for mobile operation.

6.0 QUALITY ASSURANCE

6.1 The model SHALL pass comprehensive specialty domain testing.

6.2 The model SHALL undergo regular evaluation against frontier model baseline.
6.3 The model SHALL maintain regression testing coverage.

6.4 The model SHALL implement performance monitoring and logging.

7.0 SECURITY AND PRIVACY

7.1 The model SHALL operate locally for PlI-sensitive tasks.

7.2 The model SHALL implement secure storage of model weights.
7.3 The model SHALL comply with data handling privacy standards.
7.4 The model SHALL clearly delineate local vs. cloud operations.

8.0 DEPLOYMENT REQUIREMENTS

8.1 The model SHALL be compatible with mobile SoC architectures.
8.2 The model SHALL support common mobile GPU architectures.

8.3 The model SHALL implement efficient quantization for deployment.
8.4 The model SHALL support version control and updates.

VERIFICATION METHODS:
A - Analysis

D - Demonstration

| - Inspection

T - Test

Training Approaches

Absolutely. Let me analyze different approaches for creating specialists against our key "SHALL"
requirements, adding the new constraint of reasonable training costs. I'll rate each method's
likelihood of meeting our requirements and provide cost/complexity estimates.



1. TARGETED DISTILLATION FROM FRONTIER MODEL
- Method: Start with frontier model, use domain-specific data for focused distillation
- Training Approach:
* Carefully curated domain-specific dataset
* Progressive distillation with domain expertise tests
* Fine-tune final layers for specialty
- Requirements Compliance:
* v SHALL meet 5B parameter limit
* ¢ SHALL achieve 90% performance (high probability)
* v SHALL operate in 8GB GPU RAM
- Cost/Time Estimate:
* 2-3 weeks training time
* $50-100K compute cost
* Medium dataset preparation cost

2. PRUNED BASE MODEL + LORA
- Method: Start with 5B base model, prune non-essential weights, add LoRA for specialization
- Training Approach:
* Iterative pruning while maintaining general capabilities
* Add LoRA layers for specialty focus
* Fine-tune remaining parameters
- Requirements Compliance:
* v SHALL meet 5B parameter limit
* ? SHALL achieve 90% performance (uncertain)
* v SHALL operate in 8GB GPU RAM
- Cost/Time Estimate:
* 1-2 weeks training time
* $30-60K compute cost
* Lower dataset requirements

3. HYBRID QLORA + DISTILLATION
- Method: Quantize larger model, apply LoRA, then distill to final size
- Training Approach:
* Initial quantization of larger model
* LoRA training for specialization
* Final distillation to target size
- Requirements Compliance:
* v SHALL meet 5B parameter limit
* v SHALL achieve 90% performance (good probability)
* v SHALL operate in 8GB GPU RAM



- Cost/Time Estimate:
* 2 weeks training time
* $40-80K compute cost
* Medium dataset requirements

4. ENSEMBLE MERGING
- Method: Train multiple smaller specialized models, merge into single model
- Training Approach:
* Train 3-4 smaller models (1-2B each)
* Merge using knowledge distillation
* Fine-tune combined model
- Requirements Compliance:
* v SHALL meet 5B parameter limit
* ? SHALL achieve 90% performance (uncertain)
* v SHALL operate in 8GB GPU RAM
- Cost/Time Estimate:
* 3-4 weeks training time
* $70-120K compute cost
* High complexity

5. PROGRESSIVE COMPRESSION
- Method: Gradually compress frontier model while maintaining specialty performance
- Training Approach:
* lterative model compression
* Continuous performance testing
* Specialty-focused fine-tuning
- Requirements Compliance:
* v SHALL meet 5B parameter limit
* v SHALL achieve 90% performance (high probability)
* v SHALL operate in 8GB GPU RAM
- Cost/Time Estimate:
* 2-3 weeks training time
* $60-100K compute cost
* Medium complexity

RECOMMENDATION:
Based on requirements analysis, | would recommend either:

PRIMARY APPROACH: HYBRID QLORA + DISTILLATION
- Best balance of performance and training cost
- More predictable results



- Clearer path to meeting 90% performance requirement
- Reasonable training costs and timeline

BACKUP APPROACH: TARGETED DISTILLATION

- More straightforward process

- Higher probability of meeting performance targets
- Slightly higher cost but more proven approach

Key Factors in Selection:

1. Reliability of achieving 90% performance requirement
2. Training cost under $100K

3. Training time under 1 month

4. Predictability of results

Would you like me to:

1. Dive deeper into the technical details of either approach?

2. Explore other potential methods?

3. Create a more detailed training plan for the recommended approach?
4. Analyze specific risks and mitigation strategies?

Method Approach 90% Time Cost

Targeted Distillation Domain-specific distillation from frontier High 2-3w $50-100K
Pruned Base + LoRA Prune 5B base, add LoRA layers Med 1-2w $30-60K
Hybrid QLoRA + Distill  Quantize, LoRA, then distill High 2w  $40-80K
Ensemble Merging Merge multiple small models Low 3-4w $70-120K
Progressive Compress  Gradual compression + tuning High 2-3w $60-100K

Cmplx
Med
Low
Med
High
High

Risks

Dataset quality critical
Performance uncertain
Complex pipeline
Merge conflicts

Performance cliffs



Specialist Creation Methods Comparison -

Method Approach 90% Time Cost Cmplx Risks
Domain-
Targeted specific Hiah 2- $50- Med Dj;Tiiet
Distillation distillation 9 3w 100K 9 I y
. critical
from frontier
ARG HEnEDS 1- $30- Performan:
Base + base, add Med ow  BOK Low uncertain
LoRA LoRA layers
Hybrid Quantize,
QLoRA +  LoRA, then High 2w $8‘:)?( Med Cf";':’:\i"
Distill distill PP
Merge
Ensemble  multiple 3- $70- . Merge
Merging small Low 4w 120K High conflicts
models
Progressive S;?ndurzlssion High 2- $60- Hiah Performan
Compress p 9 3w 100K 9 cliffs
+ tuning

Let me convert those costs into training compute metrics. In ML training, we often use measures
like:

TARGETED DISTILLATION

- 2-3 weeks, ~500B tokens processed

- Training throughput: ~2.5M tokens/second

- GPU utilization: ~1000-1200 A100 GPU hours
- Cost equivalent: $50-100K

PRUNED BASE + LORA

- 1-2 weeks, ~200B tokens processed

- Training throughput: ~3M tokens/second (faster due to smaller model)
- GPU utilization: ~600-800 A100 GPU hours

- Cost equivalent: $30-60K

HYBRID QLORA + DISTILLATION
- 2 weeks, ~300B tokens processed
- Training throughput: ~2.8M tokens/second



- GPU utilization: ~800-900 A100 GPU hours
- Cost equivalent: $40-80K

ENSEMBLE MERGING

- 3-4 weeks, ~700B tokens processed

- Training throughput: ~2M tokens/second (slower due to multiple models)
- GPU utilization: ~1400-1600 A100 GPU hours

- Cost equivalent: $70-120K

PROGRESSIVE COMPRESSION

- 2-3 weeks, ~600B tokens processed

- Training throughput: ~2.3M tokens/second

- GPU utilization: ~1200-1400 A100 GPU hours
- Cost equivalent: $60-100K

BOTTOM LINE:

Hybrid QLoRA + Distillation remains attractive with:
- Mid-range compute needs (~800 A100 hours)

- Decent throughput (2.8M tokens/second)

- Efficient token usage (~3008B total)

Note: These metrics assume using NVIDIA A100 GPUs as a baseline. Would you like me to convert
these to equivalent hours for other GPU types? For example, | could show equivalents for H100s
(faster) or A6000s (slower)?



Inference Performance Comparison ooe

Metric Frontier SAIN BeBt;er Power Impact

98.8% ~95% power

Memory ~700GB 8GB max less savings on
RAM
RAM memory
— ~ (V)
Token 50- 80 90% less
1-2s/token 95% compute
Latency 200ms/token
faster power/token
Code RO=00S 7.5s + 2s ~85% ~88% less
Complete (30 load faster total power
P tokens) P
. S0520s 5.4s + 2s ~80% ~85% less
Translation (30
load faster total power
tokens)
Simple 10-15s (10 0.5s (no 95% ~92% less
Tasks tokens) load) faster total power
800- ~80%
GPU Power 1000W 150°200W less ~$1.50/mo .
peak savings/device
peak peak
Throuahout 0.5-1 5-15 10-15x ~90% less
gnp tokens/s tokens/s faster power/token

Let's do a cloud deployment cost analysis comparison between a Frontier model and SAIN
system.

CLOUD DEPLOYMENT COMPARISON:
(Based on 1 million queries per day)

FRONTIER MODEL (600B-700B parameters):

- GPU Required: A100-80GB (8 GPUs in parallel needed)
- Memory per instance: ~700GB

- Cost per GPU hour: ~$3.50

- Tokens per second: 0.5-1

- Queries handled per GPU: ~43,200/day (0.5 tokens/s)
- GPUs needed for 1M queries: ~24 GPUs

- Daily GPU cost: $2,016

- Monthly cost: ~$60,480



SAIN SYSTEM (1B Assistant + 5B Specialist):

- GPU Required: A10/A4000 (consumer grade sufficient)
- Memory per instance: 8GB

- Cost per GPU hour: ~$0.80

- Tokens per second: 5-15

- Queries handled per GPU: ~432,000/day (5 tokens/s)

- GPUs needed for 1M queries: ~3 GPUs

- Daily GPU cost: $57.60

- Monthly cost: ~$1,728

COMPARATIVE ANALYSIS:

1. Cost Savings:

- Monthly savings: ~$58,752
- Yearly savings: ~$705,024

- Percentage reduction: ~97%

2. Performance Benefits:
- 10x higher throughput
- 80% lower latency

- Better scaling with load

3. Additional Cloud Benefits with SAIN:

- Lower bandwidth costs (smaller model transfers)

- Reduced cooling requirements

- Better fault tolerance (can lose a specialist without total system failure)
- Easier updates (can update individual specialists)

- More flexible deployment options

4. Scaling Considerations:
For 10M queries/day:

Frontier: $604,800/month
SAIN: $17,280/month
Savings: $587,520/month

Trade-offs:
1. Initial development cost of specialists
2. System complexity (managing multiple models)



3. 2-3s specialist loading time
4. Storage for multiple specialists

But looking at actual cloud costs, the SAIN approach provides:
- ~97% cost reduction

- Better performance

- More deployment flexibility

- Lower operational complexity

Would you like me to:

1. Break down the costs for different cloud providers?
2. Calculate costs for different query volumes?

3. Analyze different hardware configuration options?
4. Look at hybrid deployment scenarios?

Cloud Deployment Comparison ooo
Metric Frontier SAIN Savings
8x A100 i 87% cheaper
o 0
Hardware Needs S0GB GPUs A10c/5/:)tOOO hardware

GPU Cost/Hour $3.50/GPU $0.80/GPU 77% lower rate

0,
Memory Used  ~700GBRAM 8GBRAM Jo70less
memory
Tokens/Second 0.5-1 5-15 10x faster
Queries/Day/GPU 43,200 432,000 10x throughput
GPUs for 1M 87% fewer
Querios 24 GPUs 3 GPUs GPUs
()
Daily Cost $2,016 $57.60 O /0 cost
reduction
Monthly Cost $60,480 $1,728 $58,752 saved
Yearly Cost $725,760 $20,736 $705:024
saved
10M $587,520
Queries/Month VAL Pl 260 saved



