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Introduction to Local Al Tools

- Local Al tools enable running machine learning models directly on personal or
institutional hardware without relying on the cloud. This ensures sensitive
data stays on-site (enhancing privacy) and allows offline processing.

- Using local models lets researchers customize and fine-tune Al for specialized
tasks (e.g., analyzing patient genomic data) without internet connectivity.

* Such tools come in various forms - from standalone executables and Docker
containers to user-friendly web interfaces. Examples: frameworks like
Llama.cpp or desktop apps like GPT4All, Oobabooga, and KoboldCPP let users
experiment with large language models (LLMs) locally.



Benefits of Local Al Models

- Privacy: All data stays on local systems, which is crucial for confidential
datasets (e.g., HIPAA-compliant genomic analysis).

- Speed: Reduced latency since processing is on-site - enabling real-time tasks
(e.g., on-the-fly microscopy image analysis without waiting for cloud
responses).

- Customization: Ability to fine-tune or adjust models for niche tasks (e.qg.,
training a model to predict specific protein interactions), without needing
approval from or adapting to third-party platforms.



Downsides of Local Al Models

- Hardware Costs: High-performance GPUs and ample RAM are often required. Top-tier
graphics cards (like an NVIDIA RTX 4090) can cost $1,500+, making large models
expensive to run.

- Technical Expertise: Setting up and optimizing local Al demands know-how (CUDA
configurations, Docker environment setup, model quantization techniques, etc.). Users
may need to troubleshoot installations and compatibility issues themselves.

- Maintenance: Ongoing effort is needed to keep frameworks and models updated (for
example, reqularly updating tools like Oobabooga or KoboldCPP). Lack of managed support
means additional overhead in ensuring everything runs smoothly over time.



CPU vs. GPU Implementations

- CPU: Suitable for smaller models or experimentation. Almost any modern CPU can run
basic Al models, but performance is limited - roughly 1-2 tokens per second generation
speed even on a 7B parameter model (e.qg., Llama-2 7B).

- GPU: Enables accelerated inference for larger models. A powerful GPU (e.g., RTX 3090) can
generate text much faster (on the order of 15 tokens/sec for a 30B model), thanks to
thousands of parallel cores.

- Hybrid: Combines GPU and CPU usage to handle very large models. For example, one can
load most of a 65B model’s layers onto a GPU and offload the rest to CPU memory (a
strategy used on devices like an Apple M2 Mac to run models that exceed VRAM limits).
This approach balances speed and memory constraints.



VRAM Requirements by Model Size

- 7B Model: ~6 GB VRAM needed (assuming 4-bit quantization, Q4).
- 13B Model: ~10 GB VRAM needed (Q4 quantized).

- 70B Model: ~40+ GB VRAM required (often necessitates multiple GPUs
working together).

- Example: Analyzing a set of RNA sequences with a 13B parameter model
would require at least an NVIDIA RTX 3080 (which has 10 GB VRAM) to fit the

model in memory and run efficiently.



Image formats

format Use Case * Optimized For Supported Platforms
GGUF Local LLM inference * CPU, quantization PC, ARM, Apple Silicon
ONNX Interoperability * GPUs, TPUs Windows, Linux, Cloud
TensorFlow (TFLite) Mobile Al * Mobile, Edge devices Android, 10S

l"l)“(})llriol:. glclrigjtt), Research & Deployment |* PyTorch models Linux, Windows
ilflegtgei:ifsi;ce (bin, Transformers * LLMs, Secure storage Python, Web

CoreML Apple AT apps * Apple hardware 10S, macOS

TensorRT GPU inference * NVIDIA GPUs Al Workloads
JAX/Flax High-performance ML |* TPU, Cloud Al Google Cloud

MLIR Compiler optimization |* LLVM-based backends Hardware-Specific Al
Caffe Older AI models * CNNs Linux, Windows
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LLaMA Model Overview

Creator: Meta Al (formerly Facebook Al Research).

Features: Available in various sizes (ranging from 7B up to 70B parameters) with roughly a 4k
token context window. LLaMA is a general-purpose foundation model, pre-trained on a broad
corpus and fine-tuned for conversational ability. It's widely used as a base model for many
specialized variants due to its strong performance on natural language tasks and scalability.

- Biology Application: Researchers can deploy a medium-sized LLaMA (e.qg., Llama-2-13B-Chat) to
summarize clinical trial reports or other large medical texts, taking advantage of its balanced
accuracy and adaptability to domain-specific fine-tuning.
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Gemma Model Overview

+ Creator: Google DeepMind.

- Features: A lightweight model family (typically 2B-7B parameters) optimized for
efficiency and edge devices. Gemma is designed to balance speed and accuracy,
running on moderate hardware with minimal power draw. This makes it suitable
for scenarios where computing resources or energy are limited.

- Biology Application: Gemma'’s efficiency enables use on portable devices for field
research. For example, a compact Gemma model can be deployed for genomic
variant calling on-site during an outbreak investigation, providing quick analyses
without needing a datacenter GPU.



Mistral Model Overview

- Creator: Mistral Al (an emerging Al startup).

- Features: A cutting-edge 7B parameter model that uses a Mixture-of-Experts (MoE)
architecture (effectively an ensemble of expert subnetworks, 8x7B in some
configurations). It emphasizes high throughput and low latency, meaning it's engineered
for fast processing of large volumes of data. Mistral has demonstrated excellent language
understanding capabilities in benchmarks.

- Biology Application: Ideal for situations requiring real-time predictions. For instance, a
hospital might use a Mistral model to quickly evaluate drug-drug interaction risks for
patients by processing multiple queries per second, or a research team might use it to
rapidly scan literature for relevant information during an evolving health crisis.



Qwen Model Overview

- Creator: Alibaba Cloud (research division).

- Features: A versatile model with multilingual support and sizes from 1.8B up to 72B
parameters. Qwen is built to be highly fine-tunable, allowing users to adapt it to
specialized domains and languages. It offers competitive performance on standard NLP
tasks and is particularly known for handling input/output in multiple languages.

- Biology Application: Useful in global or cross-disciplinary research settings. For example,
Qwen can be fine-tuned to perform cross-language literature summarization, letting a
scientist parse research papers in Chinese and English within the same model. It's also
handy in genomics/proteomics projects where understanding complex, nuanced text
(potentially in different languages) is required.



Deepseek Model Overview

- Creator: DeepSeek Inc. (a collaborative team of deep learning and data mining experts).

- Features: A model specializing in reasoning and information retrieval across large datasets,
available from ~1.3B up to 67B parameters. Deepseek is designed to pull out relevant
details from extensive data and answer complex queries. It trades a bit of speed for better
comprehension of complicated input, making it strong in analytic tasks.

- Biology Application: Supports hypothesis generation and data mining in massive biological
databases. For example, Deepseek can assist in analyzing a large gene expression dataset
to propose new hypotheses about metabolic pathways, by finding hidden patterns and
relationships that a smaller or less specialized model might miss.



Benchmarking Model Performance

- Speed: Throughput varies by model - smaller or optimized models can generate text faster. For
instance, Mistral-7B can output ~25 tokens/sec, whereas LLaMA-2-7B might do ~18 tokens/sec
on the same RTX 4090 GPU. In latency-critical tasks, that difference matters.

- Accuracy: Larger models or those trained on specialized data often achieve higher accuracy on
complex questions. Example: In a biology Q&A benchmark, a 67B Deepseek model can
outperform a 7B Gemma model by providing more precise answers to detailed scientific queries.

Memory Efficiency: Some models are more memory-friendly. For example, Qwen-1.8B uses only
~3 GB VRAM when running, which makes it feasible to deploy on older lab PCs or laptops. In
contrast, a 70B model could require tens of GBs of VRAM. When choosing a model, researchers
must consider this speed-accuracy-resource trade-off to meet their needs.



What Is a Token?

- A token is the smallest unit of text that a model processes - it could be a whole word, a
sub-word segment, or even a single character. (For example, the word “DNA” might count
as one token, whereas a longer word like “sequencing” could be split into two tokens by
the model.)

- The model reads and generates text in tokens. The total number of tokens in an input or

output affects the processing time and memory usage. Generally, more tokens = more
computational work.

- Biology Example: An extensive genomics report of 10,000 tokens (several pages of text)
might require roughly 5 GB of RAM to load into a model’s context and process. Optimizing
token usage (by summarizing or chunking text) can be important when dealing with very
large documents.



Context in Al Models

- Context refers to the length of text (in tokens) the model can consider at
once when generating a response. This is often called the model’s context
window. Because an Al model doesn’t retain long-term memory between
uses, it relies on the provided context each time to inform its output.

- Models have fixed context limits. For example, Llama-2 has a context window
of about 4,000 tokens, meaning it can “remember” up to 4k tokens of the
conversation or document you give it before it starts to forget earlier parts. If
you exceed this, older context drops out.



Context in Al Models

- Providing sufficient and relevant context is crucial for coherent results. In
practice, this means including all necessary background information in the
prompt. For instance, if analyzing a lab report, one might need to include the
experimental method and prior results in the prompt so the Al's answer
considers those detalils.

- Biology Use Case: A typical research paper might be ~3,000 tokens long. To
have an Al summarize or analyze it in one go, you’'d use a model with =3k
token context (such as 4k). If the paper were longer than the model’s
context, you'd have to feed it in parts or use a model with an extended
context window.



Temperature Parameter (Output
Randomness)

Low Temperature (e.g., 0.2): The model’'s output will be more deterministic and focused. It will stick to likely,
straightforward answers - useful for tasks that require accuracy and consistency (for example, generating
standardized lab reports or precise image annotations where creativity is not desired).

High Temperature (e.g., 1.0): The model produces more varied and creative responses, introducing
randomness. This can be valuable for brainstorming and exploratory tasks (for instance, suggesting novel
hypotheses or proposing new drug combinations, where creative ideas are welcome).

Example: Setting temperature to 0.5 strikes a balance - it allows some creativity without straying too far off-
topic. In a gene-editing scenario, this middle-ground temperature could help propose innovative yet plausible
gene modification strategies, blending accuracy with a touch of innovation. Adjusting this parameter lets
researchers tune the Al's “imagination” level to suit the task.



APIs In Local Al

- An API (Application Programming Interface) for a local Al model allows external software to
send requests to the model and receive results. In a local setup, this means you can
integrate the Al into your own applications or laboratory pipeline. For example, a team
might use an API to connect a lab information system or a chatbot front-end (like

SillyTavern or other custom Ul) to a local language model, enabling interactive queries on
lab data.

- Cost Considerations: Using a local model via API calls incurs no external fees - you're
essentially running computations on your own machine. This contrasts with cloud Al
services that charge by usage. For instance, OpenAl’s GPT-4 APl might charge ~$0.002 per
token, which can add up. A locally hosted model performing the same task would avoid
these token charges entirely. (Of course, one must still account for hardware and electricity
costs, but there’s no pay-per-request fee.)



APIs In Local Al

- Integration Benefits: Local APIs make it easier to embed Al into workflows
(data analysis scripts, lab equipment, or web apps) with full control.
Researchers can set up endpoints to analyze experimental data, run batch
predictions, or answer guestions, all within their secure local environment.



GUI Tools for Local Al (Chat4All & Alpaca)

- Graphical User Interfaces (GUIs) provide point-and-click access to Al models, so users don’t
need to write code. These tools simplify model configuration, data input, and viewing
results through intuitive dashboards or forms. This lowers the barrier for non-programmers
to leverage Al.

- Chat4All: A user-friendly chat-style interface that allows drag-and-drop of data (for
example, uploading a genome file or a cell image) and then querying a local model about
it. It can be configured for various tasks like sequence analysis or Q&A.

- Alpaca GUI: A toolkit that offers pre-built templates and forms for common Al use cases
(inspired by the Alpaca model family). For instance, it might provide a guided interface for
running a protein folding simulation or an enzyme function prediction using a local model,
with fields to input your protein sequence and parameters.



GUI Tools for Local Al (Chat4All & Alpaca)

- Biology Use Case: These GUIs bridge the gap between complex Al models
and end-users like biologists or clinicians. A scientist can load experimental
data and see Al-predicted outcomes visually. For example, using Chat4All, a
biologist could drop in genomic data and have a local LLM highlight potential
mutations, or with Alpaca, a researcher could visualize an Al-predicted
enzyme 3D structure - all without writing a single line of code. This
accelerates analysis and fosters collaboration by making Al outputs
accessible and understandable.



Case Study 1 - Genomic Research

- Use Case: A medical genomics lab deployed Llama-2-13B on their local
server to identify BRCA1 gene mutations across a dataset of 10,000 patient
genomes. By running the analysis locally (rather than a cloud service), they
ensured patient DNA data never left their secure environment. Results: The
model achieved ~98% accuracy in flagging pathogenic BRCA1 variants, and
processing was done entirely offline to meet strict privacy regulations (HIPAA
compliance). This demonstrated that a moderately sized local model can
effectively handle large-scale genomic screening.



Case Study 2 - Protein Folding

* Use Case: A research team used a Deepseek-67B model on a high-end
workstation to predict the tertiary structures of 50 newly discovered proteins.
The local Al analyzed the amino acid sequences and generated 3D structure
predictions for each protein. Outcome: By leveraging the powerful reasoning
of Deepseek locally, they reduced computation time by ~40% compared to
sending data to a cloud-based protein folding tool. This speed-up allowed the
lab to iterate faster on experiments, and they avoided potential
confidentiality issues of uploading unpublished protein data to an external
service.



Case Study 3 - Drug Discovery

- Use Case: During the COVID-19 pandemic, a pharmaceutical research group
harnessed Mistral-8x7B (MoE) running on their in-house GPU cluster to
perform virtual screening of 1 million small-molecule compounds for potential
virus inhibitors. The model, with its high throughput, evaluated chemical
structures and predicted which were most likely to bind a target viral protein.
Benefits: By doing this locally, the team saved an estimated $50k in cloud
computing costs they would have otherwise incurred. It also gave them
Immediate control over the massive screening process, allowing custom
adjustments on the fly, and results were obtained in weeks rather than
months.



Challenges - Hardware Costs

- High Compute Requirements: Sophisticated Al models often demand expensive hardware.
For example, running a large 70B-parameter model might require over $5,000 worth of
GPUs (multiple high-memory graphics cards), putting it out of reach for many small labs or
startups. Storing and processing big models also needs ample disk space and high-speed
memory, adding to infrastructure costs.

- Mitigation Strategies: To cope with limited budgets, researchers can opt for smaller or
optimized models. Using quantization to shrink model size (explained later) or choosing a
13B model instead of a 70B one can drastically cut the VRAM and number of GPUs needed.
For instance, a quantized 13B model can often run on a single affordable GPU (like a
consumer-grade RTX card), offering a workable solution albeit with some reduction in raw
accuracy/complexity.



Challenges - Technical Complexity

- Complex Setup and Tuning: Installing and managing local Al software can be
daunting. Setting up a backend like ExLIlama?2 (to speed up a quantized
model with GPTQ on GPU) might require Linux command-line work, driver
installations, and editing configuration files. Troubleshooting issues
(compatibility errors, memory leaks, etc.) often demands specialized
expertise. This technical overhead can be a barrier for biology labs that lack
dedicated IT support.



Challenges - Technical Complexity

- Solutions: To lower the barrier, the community provides easier deployment
methods. Pre-configured Docker containers or one-click installers bundle all
necessary dependencies and settings - a biologist can launch a container
that has the model ready-to-use, without deep knowledge of the underlying
system. Additionally, good documentation and community forums (see
“Community Resources”) are invaluable for overcoming technical hurdles.
Increasingly, efforts are being made to streamline local Al setup so that
domain experts can focus on science, not software.



Future Directions - Energy Efficiency

- Greener Al Models: One emerging direction is designing models and hardware for
lower power consumption. Efficient smaller models (like an upcoming Gemma-2B
variant) aim to maintain useful accuracy while using far less electricity - reports
indicate some achieve ~60% reduction in power usage.

- Implications: These energy-efficient models could run on portable or battery-
powered devices in the field (think of a handheld analyzer running an Al model).
Labs could also save on electricity costs and reduce heat output in server rooms.
As environmental sustainability becomes important, “green Al” models will allow
local deployments that are both cost-effective and eco-friendly, enabling usage of
Al in resource-limited settings or mobile labs.



Future Directions - Federated Learning

- Collaborative Training without Data Sharing: Federated learning is a technique that allows
multiple parties (e.qg., different laboratories or hospitals) to jointly train an Al model without
exchanging their raw data. Each site trains the model on its local data and only shares
model updates (not patient or experiment data) which are then aggregated.

- Applications in Biology: This approach can accelerate development of powerful models on
sensitive data. For instance, imagine several cancer research centers each have patient
datasets that are too sensitive to centralize. Using federated learning, they could
collectively train a robust cancer diagnostic model - each hospital’s data stays local and
private, but the model learns from the combined knowledge. This opens the door to multi-
institutional Al studies in healthcare and biology, where privacy and data ownership are
paramount.



Quantization Techniques

- What is Quantization? Quantization is the process of compressing a model by
reducing the precision of its parameters (weights). Instead of using 16-bit or
32-bit numbers, a quantized model might use 8-bit or 4-bit numbers,
drastically cutting memory usage with minimal impact on accuracy if done
well.

- Techniques: Different formats exist - for example, GGUF is a quantized model
format optimized for CPU (and Apple Silicon) usage, balancing speed and
accuracy and allowing easy loading on Mac laptops. GPTQ is another method
focused on GPU inference; it produces a model that runs faster on GPUs but
tvpically these models are less flexible (GPU-only and sometimes specific to



Quantization Techniques

- Benefits: Quantization can shrink model size significantly. Example: Using a
4-bit scheme like Q4 _K M, a 13B parameter model’'s memory footprint can be
reduced by ~65% with only a minor drop in accuracy. This means a model
that originally needed 16 GB of VRAM might only need around 5-6 GB after
quantization - enabling high-end models to run on mid-range hardware.
Quantization is thus a key tool for making local Al more accessible.



Community Resources

- Hugging Face Hub: An online platform hosting over 200,000 pre-trained
models along with datasets and demos. It’'s a goldmine for finding models
that you can run locally - including many biology-specific ones. Users can
download models, read documentation, and even contribute improvements.

- Reddit & Forums: The community of local Al enthusiasts congregates in
forums like r/LocalLLaMA (on Reddit), where people share tips, ask questions,
and troubleshoot issues. There are often discussions about the latest model
releases, how to optimize performance on certain hardware, and real-world
use cases. These communities are excellent for staying updated and getting
help from peers.



Community Resources

- GitHub Repositories: Many open-source projects support local Al
development. For example, the Oobabooga GitHub repository provides a
popular text-generation web Ul with one-click installers and active
development. Similarly, projects like LMStudio or text-generation-webui offer
tools to run chat models locally. Browsing GitHub for your model or tool of
Interest (and checking the issues pages) can provide guides, fixes, and
enhancements contributed by others in the field.



Best Practices for Deploying Local Al

- Reqgular Updates: Keep your Al models and software updated. New versions
often bring speed improvements, bug fixes, and security patches. Likewise,
maintain your hardware (clean dust from GPUs, update drivers, etc.) to
ensure consistent performance. In a fast-evolving field, an outdated
environment can become inefficient or incompatible over time.

- Experimentation & Tuning: Don’t hesitate to tweak settings to improve
results for your specific tasks. This includes adjusting model parameters like
context length (within limits), the number of tokens generated, or the
temperature and other decoding settings. You might try fine-tuning a model
on vour own data or comparing different guantization levels. Systematically



Slide 30: Best Practices for Deploying
Local Al

- Documentation & Reproducibility: Document your setup and workflows. When
you configure a model for an experiment (prompt used, settings, model
version, data source), write it down. This habit is crucial in research so that
results can be reproduced or debugged later. It also helps when collaborating
or handing off projects - another team member can replicate your local Al
analysis if you've logged the details. Good documentation turns ad-hoc Al
experiments into robust, shareable knowledge.



Conclusion

- Empowering Research: Local Al models have become powerful tools that empower
biologists and researchers. They offer the ability to analyze data quickly on-site, keep
sensitive information private, and tailor Al capabilities to specific project needs. From
image analysis to text understanding, we've seen how running models locally can directly
support scientific discovery.

- Balancing Pros and Cons: Along with these benefits come challenges. We must
acknowledge the hardware investments and expertise needed to implement these
systems. Not every lab can afford cutting-edge GPUs, and not every researcher is
comfortable managing complex software. However, the field is actively addressing these
issues through community support, better interfaces, and cost-reduction techniques.



Conclusion

- Future Outlook: The trend is toward making local Al more accessible and
efficient. Advancements like model quantization, energy-efficient
architectures, and federated learning are reducing resource barriers and
enabling collaborative innovation. We anticipate that as these technologies
mature, local Al will be an even more integral part of biological research -
accelerating discoveries while keeping scientists in full control of their tools.
The future of Al in biology is not only in the cloud, but also right at our
fingertips, in our own labs.
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