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   foreword
 
  
 
   
   It is truly an honor to receive a request to write a foreword for a book like this, in this particular space, at this specific time in history, and by an author who I believe will make significant contributions to this industry during his tenure. That book is Domain-Specific Small Language Models, the space is generative AI, the time in history is the tremendous evolutionary acceleration of AI, and the author is Guglielmo Iozzia. 
 
  
 
   
   In an era when AI discourse is dominated by ever-larger frontier models and eye-catching demos, this book takes a refreshingly pragmatic stance: it is about making language models actually work for your domain, your data, and your hardware constraints. It is written with the practitioner’s learning curve squarely in mind, moving from foundational concepts to hands-on experience so that by the time you turn the last page, you will not only understand why small, domain-specific language models matter, you will have run them, tuned them, optimized them, and deployed them on real-world infrastructure.
 
  
 
   
   What distinguishes this work is its relentless focus on the realities of distributed and edge AI. Rather than treating GPUs in the cloud as an infinite resource, the author leans into the constraints most organizations actually face: tight budgets, on-prem clusters, laptops, and even mobile or embedded devices. From the opening chapters on the definition and role of small language models (SLMs), it becomes clear that the goal is not to worship scale, but to show how carefully chosen, well-tuned models in the 
100M to 10B parameter range can deliver outsized business value when pushed as close as possible to where data is generated and decisions are made. The walkthroughs of ONNX, quantization techniques, and hardware-aware optimizations anchor the discussion in concrete practices that materially reduce latency and cost at the edge while preserving useful accuracy.
 
  
 
   
   This is also an excellent grounding text for anyone trying to navigate the LLM-versus-SLM decision space with intellectual honesty. The early chapters provide a clear, hype-free tour of the Transformer architecture, training paradigms, open source ecosystems, and the tradeoffs between generalist closed LLMs and domain-specific models. From there, the book steadily builds into a toolkit: data preparation, classic fine-tuning, PEFT methods such as LoRA, and retrieval-augmented generation are all presented with enough depth and runnable code that you can reproduce, adapt, and extend the examples for your own environment. The result is a rare combination of conceptual clarity and practical guidance that serves both as an introduction for those new to the field and as a structured reference for experienced practitioners formalizing their approach.
 
  
 
   
   Perhaps most compelling is the way the book repeatedly returns to domain reality. Coding assistants are explored not as abstractions but via end-to-end fine-tuning of GPT-2 on Manim code, complete with hyperparameter search and evaluation workflows that mirror production-grade ML engineering. Chemistry and life sciences are treated with equal seriousness, from protein and antibody sequence generation to discussion of validation workflows and specialized tooling, illustrating how SLMs unlock high-value use cases in regulated, data-sensitive industries. Later chapters connect these capabilities to modern application patterns—RAG pipelines, agentic systems, deployment and serving patterns, and running on commodity hardware—so that readers finish with a mental model that spans from theory to architecture to code.
 
  
 
   
   If you are serious about applying generative AI beyond glossy prototypes—especially in domains where data is sensitive, regulation is strict, or infrastructure is constrained—this book is worthy of your time. It will not just tell you that small language models are important; it will show you, step by step, how to build, adapt, and ship them responsibly in the environments where they matter most.
 
  

 
 
    —Matthew R. Versaggi,

    White House Presidential Innovation Fellow in AI, Special cohort of ’24,

    former senior director of artificial intelligence and

    cognitive technology at Optum Technology/United Healthcare





   
   preface
 
  
 
   
   In early 2022, after finally having the time to complete reading the “Attention is all you need” paper, I started getting curious about the Transformer architecture and the potential great use cases in diverse industries (and in life sciences in particular, because that is the field where I work) for this new kind of neural network. One concern I had at that time was the concrete risk that such technology could quickly become a prerogative of the large tech organizations that could afford the vast computational resources necessary to train and execute these models.
 
  
 
   
   Then, inspired by the “run Doom on anything” challenge (a popular trend for software engineers to find ways to optimize the source code of that 1993 videogame to run on any sort of device), I started thinking about ways to optimize small Transformer models, trained on domain-specific tasks and data, so they could be deployed and executed in hardware-constrained environments. In June of the same year, I did an in-person hands-on workshop on this subject at the ODSC Europe conference in London, which got a lot of interest from ML engineers at the event.
 
  
 
   
   When Manning Publications contacted me a few months later, asking me to write a book on this topic, I didn’t think twice about accepting. A few weeks after I started writing the book, OpenAI released the ChatGPT service to the public, powered at that time by their GPT-3.5 model, and other large tech organizations, such as Google, Anthropic, and X.AI, soon joined the race to build larger, closed source generalist models to try to win the consumer market for generative AI.
 
  
 
   
   But the open source community didn’t just watch this happen: lots of initiatives involving open architectures and weights, and techniques for optimize the training and execution of language models, started being proposed. It was the right time to write a book on this topic and provide ML practitioners with a centralized source of information about what capabilities are available beyond the commercial offerings, for specific tasks, and in heavily regulated industries.
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   about this book
 
  
 
   
   The focus of this book is on understanding techniques for improving inference performance and costs on pretrained and customized small language models (SLMs) through optimization and quantization, serving them through diverse API ecosystems, deploying them on diverse hardware (including your own laptop), and integrating them with other paradigms such as RAG and Agentic AI. All these concepts are explained in depth and come with complete source code examples. You’ll learn to minimize the computational horsepower their models require while retaining high–quality performance times and output. 
 
  
 
   
   While a few examples presented in this book describe how to preprocess the data for training/test, and PEFT (parameter-efficient fine tuning) techniques are also introduced, this book doesn’t focus on training and data-preparation techniques.
 
  
 
   
   Who should read this book
 
  
 
   
   This book is first for ML engineers and data scientists interested in learning how to manage LLMs in the typical hardware-constrained environment that their company budget allows for. But it is also for tech leaders motivated to understand how applying custom language models on corporate data could generate extra business value.
 
  
 
   
   The minimally qualified reader should have the following skills and knowledge:
 
  
 
   
   	General understanding of deep learning concepts
 
   	Knowledge of the Transformer model’s architecture and internals and the basics of their training process
 
   	Intermediate Python language skills
 
   	Hands-on experience with a deep learning framework (PyTorch preferable)
 
   	Familiarity with the Google Colab environment
 
   	Intermediate experience in software engineering
 
   	Three or four years of experience as a machine learning engineer or data scientist
 
  
 
   
   How this book is organized: A roadmap
 
  
 
   
   This book has 4 parts with 15 chapters.
 
  
 
   
   Part 1 introduces readers to small language models (SLMs):
 
  
 
   
   	Chapter 1 explains the use cases for specialized SLMs and their pros and cons when compared to generalist large language models.
 
  
 
   
   Part 2 covers the core topics of domain-specific SLMs:
 
  
 
   
   	Chapter 2 shows some examples of data preparation for fine-tuning Transformer architectures and for RAG, and it introduces the concept of parameter-efficient fine-tuning (PEFT).
 
   	Chapter 3 presents an end-to-end example of tuning an SLM on a specific task (the generation of Python code to render/animate mathematical formulas, starting from natural language). It also addresses some validation strategies for the model’s output.
 
   	Chapter 4 illustrates several types of content generation with SLMs, shows how to spot areas for improvement at inference time (in terms of cost savings and performance), and suggests some techniques for optimizing computational power consumption.
 
   	Chapters 5 and 6 are about the ONNX format and ONNX Runtime, SLM quantization on CPU or GPU, and quantization strategies using the ONNX standard and alternative methods.
 
  
 
   
   Part 3 focuses on real-world examples of the concepts introduced in parts 1 and 2:
 
  
 
   
   	Chapter 7 presents some use cases of generating Python code with SLMs and optimizing SLMs to run on constrained hardware.
 
   	Chapter 8 presents some SLMs pretrained to address tasks in chemistry, drug discovery, and materials science.
 
  
 
   
   Part 4 discusses more advanced SLM concepts:
 
  
 
   
   	Chapter 9 details advanced quantization techniques.
 
   	Chapter 10 explains how to transform raw ONNX profiling data into insights to improve model optimization.
 
   	Chapter 11 takes a deep dive into options for deploying and serving SLMs across diverse environments, including Android devices.
 
   	Chapter 12 walks through multiple options for serving and running SLMs locally on a laptop and using a graphical interface.
 
   	Chapter 13 is about using SLMs as part of more complex systems, such as RAG or agentic AI.
 
   	Chapter 14 expands on the concepts discussed in chapter 13, introducing GraphRAG and agentic RAG.
 
   	Chapter 15 is about test-time compute for SLMs, and it ends the book with an end-to-end example of turning an SLM into a reasoning model using GRPO.
 
  
 
   
   About the code
 
  
 
   
   This book contains many source code examples to give you hands-on experience with the concepts explained in the various chapters. To improve readability, the book often presents only the essential lines of code. Source code is formatted in a fixed-width font like this to distinguish it from ordinary text. Sometimes code is also presented in bold to highlight code that has changed from previous steps in the chapter, such as when a new feature adds to an existing line of code.
 
  
 
   
   In many cases, the original source code has been reformatted; we’ve added line breaks and reworked indentation to accommodate the available page space in the book. In rare cases, even this was not enough, and listings include line-continuation markers (➥). Additionally, comments in the source code have often been removed from the listings when the code is described in the text. Code annotations accompany many of the listings, highlighting important concepts.
 
  
 
   
   The complete examples, in the form of Colab notebooks, are available for download from the Manning website at https://www.manning.com/books/domain-specific-small-language-models and from GitHub at https://github.com/virtualramblas/Domain-Specific-Small-Language-Models.
 
  
 
   
   liveBook discussion forum
 
  
 
   
   Purchase of Domain-Specific Small Language Models includes free access to liveBook, Manning’s online reading platform. Using liveBook’s exclusive discussion features, you can attach comments to the book globally or to specific sections or paragraphs. It’s a snap to make notes for yourself, ask and answer technical questions, and receive help from the author and other users. To access the forum, go to https://livebook.manning.com/book/domain-specific-small-language-models/discussion. You can also learn more about Manning’s forums and the rules of conduct at https://livebook.manning.com/discussion.
 
  
 
   
   Manning’s commitment to our readers is to provide a venue where a meaningful dialogue between individual readers and between readers and the author can take place. It is not a commitment to any specific amount of participation on the part of the author, whose contribution to the forum remains voluntary (and unpaid). We suggest you try asking the author some challenging questions lest his interest stray! The forum and the archives of previous discussions will be accessible from the publisher’s website as long as the book is in print.
 
  
 
 
   
   about the author
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   Guglielmo Iozzia is a Director of ML/AI and Applied Mathematics at Merck & Co. He studied Electronic and Biomedical Engineering at the University of Bologna, has an extensive background in Software and ML/AI Engineering applied to real-life use cases across different industries, such as Biotech Manufacturing, Healthcare, Cloud Operations and Cyber Security, and is a lifelong learner. He strongly believes that real progress in AI can happen only through Open Source.
 
  

 
   
   about the cover illustration
 
  
 
   
   The figure on the cover of Domain-Specific Small Language Models, titled “Il Guappo,” or “The tough guy,” is taken from a book by Francesco de Bourcard, published in 1853. Each illustration is finely drawn and colored by hand. 
 
  
 
   
   In those days, it was easy to identify where people lived and what their trade or station in life was just by their dress. Manning celebrates the inventiveness and initiative of the computer business with book covers based on the rich diversity of regional culture centuries ago, brought back to life by pictures from collections such as this one.
 
  

 
   
   Part 1 First steps
 
  
 
   
   This first part of the book will introduce small language models (SLMs), explain the risks and challenges of using generalist LLMs, and discuss how these can be mitigated by switching to SLMs.
 
  

 
   
   1 Small language models
 
  
 
   
   This chapter covers
 
    
    	Defining small language models
 
    	Limits and risks of using closed source generalist LLMs
 
    	Open source alternatives to closed source LLMs
 
    	Comparing LLMs and domain-specific language models
 
   
 
  
 
   
   Whenever a new, potentially disruptive technology emerges, or an existing one undergoes a radical change, there’s inevitable hype about it. If expectations aren’t met, interest can drop quickly; if they are, investments and projects can surge before the real business potential and risks are understood. Either way, the “next big thing” rarely ends well. You can see the same thing happening today with large language models (LLMs): there’s so much hype that it’s difficult to understand what they really can (and can’t) do and whether they would be a good fit for your own business needs. This chapter aims to clarify the LLM world by highlighting the pros, risks, and challenges of both generalist and domain-specific models. Hype is the one thing you won’t find in this book.
 
  
 
   
   1.1 What are small language models?
 
  
 
   
   Today, regardless of their technical background, most people are familiar with popular commercial LLMs such as GPT, Claude, and Gemini, which power chatbots and services from providers such as OpenAI, Anthropic, Google, and Microsoft. But there’s still limited awareness of a related category: small language models (SLMs). Like LLMs, SLMs are designed for natural language processing tasks, but they use fewer parameters, have a smaller memory footprint, and require less computational power. That makes them suitable for applications that run on mobile or edge devices or on-premises servers or small clusters. SLMs typically range from a few hundred million to a few billion parameters; there’s no official cutoff, but most stay under 10 billion parameters. That’s much smaller than LLMs, which often have hundreds of billions of parameters or more. Because of their small size, SLMs can be optimized for speed and energy efficiency, which are especially important for on-device or commodity hardware deployments. They can run well on CPUs (when no GPU is available) or on consumer GPUs. Since they run locally, the data can stay local, which is important for tasks involving sensitive or personal information. Their deployment flexibility also expands the range of use cases, making them ideal for offline, embedded, and near–real time applications in areas such as robotics and smart devices (such as mobile phones, lab equipment, appliances, and manufacturing machinery).
 
  
 
   
   Although SLMs are smaller than LLMs, they aren’t a new type of model. Both are built on the same core technology—the Transformer architecture and later improvements. The difference is mostly in scale, not the underlying mathematical and architectural principles. As a result, they can address the same kinds of tasks, with SLMs being optimized more for efficiency than raw power. 
 
  
 
   
   Note The Transformer architecture was introduced in the “Attention is All You Need” paper by Ashish Vaswani and others (https://arxiv.org/abs/1706.03762).
 
  
 
   
   An important benefit of SLMs is that you can specialize them for specific domains and tasks at relatively low cost, using domain-specific and private data plus domain knowledge, and apply techniques that don’t require full fine-tuning. Domain-specific tasks for language models are common in heavily regulated industries where privacy isn’t optional—healthcare, pharma/biotech, manufacturing, chemistry, finance, and others. You’ll see real-world examples in later chapters.
 
  
 
   
   Beyond the well-understood reasons to choose SLMs over LLMs in specific use cases, another emerged with the rise of agentic AI and was highlighted in a mid-2025 NVIDIA research paper: “Small Language Models are the Future of Agentic AI” (https://arxiv.org/abs/2506.02153). The authors argue that SLMs are powerful enough, better suited, and more economical for many uses in agentic systems, making them central to the future of agentic AI. They also suggest that, even when general-purpose conversation is required, heterogeneous agentic systems—agents that invoke multiple models, LLMs and SLMs—are the natural choice. The final chapters of this book explore the relationship between SLMs and agentic AI.
 
  
 
   
   1.2 The Transformer architecture
 
  
 
   
   Before transformers, most tasks on unstructured text were performed using recurrent neural network (RNN) models. Trained on labeled data, these architectures use their internal state to process variable-length sequences of text. Later evolutions, such as LSTM (long short-term memory) or GRU (gated recurrent unit) architectures, introduced the capability to remember and forget important information, but they didn’t solve one of the major challenges of RNNs: slow training. The data must be processed sequentially, which limits parallelism across processor cores. The attention mechanism addressed some RNN limitations by emphasizing relevant parts of the input and downplaying others, effectively expanding the amount of information the model could carry forward. Still, it didn’t solve the scalability issues. That required the Transformer model, which introduced two major changes compared to RNNs: 
 
  
 
   
   	It uses the self-attention mechanism (a specialization of the attention mechanism that relates different positions in a sequence to compute a representation of the sequence itself) so that it can process the entire input all at once.
 
   	It has no recurrent structure, so a transformer allows more parallelism than an RNN, significantly reducing training time.
 
  
 
   
   Transformers didn’t only succeed because of their architecture. Another key component is word embeddings—high-dimensional vector representations of words that capture their semantic and syntactic properties. Embeddings let a Transformer model manipulate words in a numerical space, where related words end up near one another. This helps the model treat words as connected, not isolated, entities and understand how they interact in context. 
 
  
 
   
   Transformer architectures have also been proposed for tasks involving other data types, but multimodal use cases are out of scope for this book, which focuses on generative models for unstructured text.
 
  
 
   
   The Transformer architecture initially proposed by Google Brain was just the start. As soon as researchers and professionals started to use it, they quickly found ways to improve and tailor it for text tasks. The original architecture was encoder–decoder based: the encoder part converts the input text into a numerical representation, while the decoder part takes that representation and converts it back to text. Both use an attention mechanism. Over time, it has become clear that some tasks need only the encoder, while others can rely only on the decoder. This led to two different families of transformers:
 
  
 
   
   	BERT (bidirectional encoder representation from transformers) uses only the encoder part. This kind of architecture performs better on text classification or prediction tasks.
 
   	GPT (generative pretrained transformer) uses only the decoder and generally performs better on text generation tasks.
 
  
 
   
   Ultimately, your architecture choice will depend on the tasks you want to accomplish. The examples in this book cover both families.
 
  
 
   
   Another important concept in the Transformer model’s evolution is reinforcement learning from human feedback (RLHF), a technique used behind the scenes for OpenAI’s LLMs. As the name suggests, it applies reinforcement learning so an LLM can learn a policy that maximizes a reward. The models behind ChatGPT are an evolution of the GPT architecture (the first two versions were open source; later versions moved to closed source), with RLHF applied for fine-tuning and improved performance. 
 
  
 
   
   1.3 Areas of application
 
  
 
   
   The term “LLM” can be misleading. “Large” is clear enough: models range from a few billion to more than 100 billion parameters, or from tens to hundreds of gigabytes. But “language” can make people think that these models generate only natural-language text. Early natural-language processing (NLP) applications did focus on translation tasks, but newer architectures and capabilities let LLMs handle many tasks beyond translation:
 
  
 
   
   	Language understanding
 
   	Text classification
 
   	Test generation
 
   	Question answering
 
   	Document summarization
 
   	Semantic parsing
 
   	Pattern recognition
 
   	Basic math solving
 
   	Code generation
 
   	Dialogue
 
   	General knowledge
 
   	Logical inference chains
 
  
 
   
   This makes it possible for an LLM to handle text beyond natural language—anything that symbolically represents something—as shown in figure 1.1.
 
  
 
    
   [image: ] 
   Figure 1.1 Some examples of the diverse content an LLM can generate

  
 
   
   LLMs will unlock many real-world use cases across industries.
 
  
 
   
   1.4 The open source revolution
 
  
 
   
   The Transformer architecture didn’t only ignite interest among companies such as OpenAI, Microsoft, and Google; the open source community also began releasing LLMs under varying licenses for models, code, and training data. Figure 1.2, taken from a paper titled “A Survey of Large Language Models” (https://arxiv.org/abs/2303.18223), shows a timeline of the major commercial and open source LLMs from 2019 to mid-2023 (the paper’s latest update; more models have appeared since).
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   Figure 1.2 The timeline of LLMs from 2019 to mid-2023 (image from “A Survey of Large Language Models”)

  
 
   
   The highlighted models in figure 1.2 are publicly available under different licenses (always check the usage terms before using one commercially). Some proposed OS models are generalists, like the commercial models from OpenAI and Microsoft, while others are specialized for a particular domain.
 
  
 
   
   Paradoxically, the second spark that accelerated open source contributions was ChatGPT’s release to end users: the number of new proposals, releases, and forks of existing models has tripled since then. These efforts came not only from researchers, but also from industry and passionate individuals and groups. This means you have choices: if you need to move from a proprietary LLM to one fully owned by your organization, you can pick a pretrained open source model and then instruct or fine-tune it on your own data instead of developing and training one from scratch—often at a much lower cost. 
 
  
 
   
   Figure 1.3 shows the financial impact of developing a custom LLM from scratch. This reflects what organizations like OpenAI, Google, and Anthropic faced when building the GPT-X, Gemini, and Claude models. The $ symbols in the figure indicate the relative cost of each phase. Contrary to common belief, training large models is costly, but it’s not the most expensive step. Development typically costs more because it includes collecting and preparing vast amounts of unstructured data and running the experiments to achieve a stable model. After a final candidate is trained and meets its key performance indicators (KPIs), deployment and inference serving present another big challenge: scalability, performance, quality, monitoring, and user experience all drive costs that are hard to forecast precisely upfront. 
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   Figure 1.3 Order of magnitude of costs for each phase of LLM implementation from scratch 

  
 
   
   Open source offerings can help here. Figure 1.4 shows the financial impact of implementing a custom LLM starting from a pretrained OS model. As before, the $ symbols show the relative cost of each phase. You can cut development costs because the architecture and a pretrained open source model are already in place. That leaves data collection and preparation (still significant) as the main costs in this phase. Fine-tuning still costs money, but far less than training an LLM from scratch: you still need computational power, but you have more room to optimize. The challenges and costs of deployment and inference remain the same.
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   Figure 1.4 Order of magnitude of costs for each phase of LLM implementation when starting from a pretrained model

  
 
   
   That’s where this book can help: you’ll learn techniques and best practices for optimizing your custom LLM to reduce the computational power you’ll need (while retaining acceptable accuracy), enabling deployment and inference in constrained environments and cutting costs. In short, you’ll learn how to run inference without the kind of infrastructure that big tech companies such as Microsoft, Google, and Meta have.
 
  
 
   
   1.5 Risks and challenges with generalist LLMs
 
  
 
   
   Commercial, generalist, closed source LLMs from third-party vendors are powerful and can handle diverse tasks. They can also provide a good experience for non-technical users, and you pay only for usage (since you don’t have to manage deployment and maintenance). But they also come with risks that can outweigh these benefits:
 
  
 
   
   	Deployment outside your organization’s network—Any information you include in a prompt may leave your company and, depending on the usage terms, be used to fine-tune the model and be exposed to other customers. You’ve likely read of cases in which employees at large corporations sent sensitive or proprietary data to external model-hosting services (for example, at Samsung, as discussed in “Samsung Bans Staff’s AI Use After Spotting ChatGPT Data Leak” [Bloomberg, May 2, 2023, https://mng.bz/AGEE], and others).
 
   	Data leakage risks—Because the model is hosted on infrastructure you don’t control, a weak cybersecurity posture (unknown to you and hard to mitigate) can allow malicious actors to access private data. There is evidence that something like this happened once with ChatGPT (“OpenAI Confirms ChatGPT Data Breach,” Trend Micro’s blog, May 13, 2023, https://news.trendmicro.com/2023/05/13/openai-chatgpt-data-breach/).
 
   	Model or version drift—A provider can update a model without notice, potentially changing the behavior and accuracy of applications built on top of it.
 
   	Cost unpredictability—Token-based billing can spike, as a provider can decide at any time to change their subscription prices. 
 
   	Closeness—You don’t have details about how an LLM was implemented and trained, so there’s no chance of reproducibility or interpretability, which is often a requirement in heavily regulated sectors. You also may not see infrastructure or model-version changes.
 
   	Transparency—Data used to train closed source models isn’t publicly disclosed, so there’s no way to verify whether it’s biased or contains copyrighted data used without the owner’s permission. 
 
   	Hallucinations—Generated information may conflict with the source (intrinsic hallucination) or be unverifiable from the available source (extrinsic hallucination). Intrinsic hallucinations can occur even in an organization’s models trained on proprietary data—a challenge with LLMs in general. But extrinsic hallucinations can’t be mitigated when you don’t have access to, or knowledge of, the training data.
 
   	Compliance—Commercial and closed source LLMs, because of their generalist nature, don’t follow any sectoral rules.
 
   	Harmful content generation—Models can not only reflect societal biases and stereotyping but can also produce unsafe content. In the rare cases where a provider has set safety filters on generalist models, this can unnecessarily block legitimate content as a side effect.
 
   	Code generation—This emergent LLM ability makes it possible for a broader audience, including people with limited coding skills, to inadvertently generate code with malicious elements or even produce malware. Many third-party LLMs lack robust guardrails, and those that exist can be bypassed with carefully crafted prompts. Organizations can build their own guardrails (which isn’t a trivial task) or shift the responsibility to internal users to properly validate outputs.
 
  
 
   
   All these risks, plus the fact that large models are trained on many tasks using broad but generalist data sets, mean they aren’t always suitable for important business uses.
 
  
 
   
   1.6 Domain-specific vs. generalist LLMs for business value
 
  
 
   
   Should you move to a custom domain-specific LLM? Several factors can help you make the right choice. 
 
  
 
   
   Generalist pretrained LLMs (both commercial and open source) are largely trained on content scraped (with or without consent) from the web, drawn from public scientific or code repositories, or taken from human conversations on generic topics. For tasks that don’t require domain specialization, these models are often powerful enough to generate useful content that can be reused with little or no refinement. But for specialized domains and tasks, you’ll need a strategy to tune the pretrained model on domain-specific data (whether public or private). This process is commonly referred to as transfer learning. In brief, transfer learning involves taking a model trained on one task or domain and applying it to a related task or domain.
 
  
 
   
   In heavily regulated domains, there are stricter requirements for staying compliant. Decisions based on model outcomes cannot cause any sort of harm. In this context, the availability and quality of domain-specific training data (which you may already have in house) plays a key role. 
 
  
 
   
   Transfer learning does not necessarily involve the full training of a language model. That’s a possibility, but there are options, as listed in table 1.1.
 
  
 
   
   Table 1.1 Options for specializing an open source SLM on a domain-specific task
 
    
     
      
      
      
     
     
      
      	 Transfer learning strategy
  
      	 Pros
  
      	 Cons
  
     
 
     
     
      
      	 Full supervised fine-tuning (unfreezing and training all the model’s weights on labeled 
data)
  
      	 
        
        	Strong performance when the data is sufficient and the domain shift is large
 
       
  
      	 
        
        	High computational costs
 
        	Risk of overfitting
 
        	Domain-specific data will probably need to be combined with other accessory data.
 
       
  
     
 
      
      	 Partial fine-tuning (unfreezing and training only a subset of the model’s layers)
  
      	 
        
        	Cheaper than full fine-tuning
 
       
  
      	 
        
        	Requires initial experimentation to select the proper layers to unfreeze and train
 
        	Risk of catastrophic 
forgetting
 
       
  
     
 
      
      	 PEFT (parameter-efficient fine-tuning)—a family of techniques for inserting small trainable modules into each transformer layer while freezing the base
  
      	 
        
        	Prevents catastrophic forgetting
 
        	Tiny trainable parameter count paired with strong performance
 
        	It is possible to train multiple adapters (for diverse tasks) that can be easily swapped at runtime.
 
        	Unlike partial fine-tuning, it doesn’t require experimentation to select the layers to unfreeze and train. 
 
       
  
      	 
        
        	Adds a slight runtime overhead. Usually this isn’t a problem, but it depends on the latency KPI for a given application.
 
       
  
     
 
     
   
 
  
 
   
   Note Catastrophic forgetting is a noticeable drop in performance on general knowledge or initial capabilities due to a model being trained on new data and tasks.
 
  
 
   
   When you are specializing an SLM to a given domain and task, full training is rarely the best option.
 
  
 
   
   There are many domains where SLM specialization is mandatory, such as manufacturing, scientific R&D, legal operations, finance, healthcare administration, and niche coding (such as CUDA and PLC programming). Figure 1.5 shows an example of LLM specialization in a very specific domain: after transfer learning on molecule descriptions and structures represented in the SMILES format, this LLM can generate molecular structures from description, or vice versa. This use case is discussed in chapter 8. 
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   Figure 1.5 An LLM trained for tasks on molecule structures (generation and captioning) 

  
 
   
   Any situation where you must prevent private data leakage is a good reason to switch to a private, offline, domain-specific LLM that runs inside your corporate network boundaries. In these cases, people often worry whether their existing on-premises or private-cloud infrastructure has enough computational power, especially when budgets are limited. We’ll look at optimization techniques to reduce the memory footprint and computational requirements of custom LLMs, with working examples in each chapter. Table 1.2 summarizes the pros and cons of generalist and domain-specific LLMs.
 
  
 
   
   Table 1.2 Pros and cons of generalist and domain-specific LLMs
 
    
     
      
      
      
     
     
      
      	  
      	 Generalist LLMs
  
      	 Domain-specific LLMs
  
     
 
      
      	 Pros
  
      	 
        
        	Offer a wide range of knowledge and capabilities
 
	Can handle diverse tasks and topics
 
	Have the flexibility to learn and adapt to new domains (assuming you have the computational power to do it)
 
 	Can generate content on a wide array of subjects
 
       
  
      	 
        
        	Provide specialized expertise in a specific domain
 
	Well-suited for focused applications and specific industries
 
 	Higher accuracy and performance in specific areas of expertise
 
	Better understanding and context within a specific domain
 
       
  
     
 
     
      
      	 Cons
  
      	 
        
        	Lack in-depth expertise in specific domains
 
	Require additional fine-tuning and customization for specific tasks 
 
	Potential risk of making errors or producing inaccurate content 
 
	Require more computing power and resources
 
       
  
      	 
        
        	Limited applicability and effectiveness in non-specialized areas 
 
	Less flexibility to handle tasks outside the chosen domain
 
 	Could require more data and resources for training, fine-tuning, or RAG

       
  
     
 
    
     
   
 
  
 
   
   Another advantage of choosing an open source baseline model is that it will likely have only a few billion parameters. After tuning it for domain-specific tasks with private data, the model will likely remain below 10 billion parameters. From a sustainability standpoint, these smaller models generate less CO2 and have less environmental impact than larger models during training and doing
 
  
 
   
    
  
 
   
    
  
 
   
   Summary
 
  
 
   
   	Transformers use self-attention mechanisms to process entire text sequences at once instead of word by word.
 
   	Self-supervised learning creates training labels automatically from text data without human annotation.
 
   	BERT models use only the encoder part of transformers for classification and prediction tasks.
 
   	GPT models use only the decoder part of transformers for text-generation tasks.
 
   	Word embeddings convert words into numerical vectors that capture semantic relationships.
 
   	RLHF uses reinforcement learning to improve large language model (LLM) responses based on human feedback.
 
   	LLMs can generate any symbolic content including code, math expressions, and structured data.
 
   	Open source LLMs reduce development costs by providing pretrained models as starting points.
 
   	Transfer learning adapts pretrained models to specific domains using domain-specific data.
 
   	Generalist LLMs risk data leakage when they’re deployed outside organizational networks.
 
   	Closed source models lack transparency about training data and model architecture.
 
   	Domain-specific LLMs provide better accuracy for specialized tasks than generalist models.
 
   	Smaller specialized models require less computational power than large generalist models.
 
   	Fine-tuning costs significantly less than training models from scratch.
 
   	Regulatory compliance often requires domain-specific models with known training data.
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