
    
      How LLMs Work: From Beginner to Expert

      A book that takes you from "what even is this thing" to "I can build, train, and reason about a Large Language Model." We move in three passes — first like you're 5, then like you're a software engineer, then like you're an ML practitioner — and finish with a runnable proof-of-concept: a tiny ~50k-parameter transformer you can train on your laptop in minutes.

      The goal is comprehension, not memorization. Every chapter answers a question someone actually asks when they're learning this material. Read in order on the first pass; jump around on the second.
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      Part I — Beginner

      
    
  
    
      1. What is an LLM, really?

      Imagine a robot who has read a huge library — billions of books, websites, and conversations. After all that reading, the robot got really good at one tiny game: guess the next word.

      That's it. An LLM ("Large Language Model") is a word-guesser. Everything else — answering questions, writing code, holding a chat — is built on top of that one skill.

      • Large → it has read a lot, and it has a lot of "brain cells" (parameters).

      • Language → it works with words.

      • Model → it's a math-y picture of how words fit together.

      You can think of an LLM as a very, very fancy autocomplete. When you type on your phone and it suggests the next word, that's a tiny version of what an LLM does. ChatGPT and Claude are the same idea, scaled up by a factor of about a trillion.

    
  
    
      2. The word-guessing game

      Here's the game the robot plays during training:

      > "The cat sat on the ___."

      You'd say "mat" or "couch." The robot guesses too. At first it might say "banana" — terrible! Every time it's wrong, it tweaks itself a tiny, tiny bit. Then tries again. Billions of times. Eventually it gets really good.

      When you "talk" to ChatGPT or Claude, the robot is silently playing this game over and over. It looks at everything you typed, guesses the next word, then guesses the word after that — until it decides the sentence is done.

      There are no rules of grammar programmed into the robot. There's no dictionary. There's no list of facts. There's just one game, played a trillion times, until the robot starts looking like it understands.

    
  
    
      3. Words become numbers

      Robots don't actually understand letters. So we turn every word into a secret number code. The word "dog" might be number 4,182. The word "puppy" might be 4,190 — they sit close together because they're related.

      Imagine a giant playground where every word is a kid. Friends stand near each other: 🐶 dog, 🐶 puppy, 🐩 poodle huddle in one corner. Far away: 🚗 car, 🚙 truck form their own group. Even further: 🍎 apple, 🍌 banana.

      These number-friendships are how the robot "understands" meaning. If it knows dog eats bones, it can guess that puppy probably also eats bones — because puppy is right next to dog on the playground.

    
  
    
      4. Paying attention

      When you read this sentence:

      > "Lily has a red balloon. She loves it. It is round."

      You know "It" means the balloon, not Lily. Your brain paid attention to the right word.

      The robot does the same thing with a trick called attention. For every word, it looks back at every earlier word and decides, "How much should I care about this one?" Words that matter get a high score; words that don't get a low score. Then it mixes them together to make a better guess at the next word.

      That's the whole magic. Words → numbers → attention → guess the next word. Repeat.

    
  
    
      5. What LLMs can and cannot do

      LLMs are really good at:

      • Writing fluent text in any style.

      • Translating between languages.

      • Summarizing long documents.

      • Writing code.

      • Explaining things at the level you ask for.

      • Following instructions.

      LLMs are unreliable at:

      • Facts. They can sound certain about things that are wrong ("hallucination"). Always double-check important claims.

      • Math. Especially long arithmetic, counting, or anything precise.

      • Brand-new information. They only know what was in their training data.

      • Self-knowledge. They don't really know what they know vs. what they're guessing.

      The right mental model: an LLM is a very fluent, very widely-read intern. Brilliant at first drafts, dangerous if you don't check their work.

      ---

    
  
    
      Part II — Software Engineer

      
    
  
    
      6. A short history of how we got here

      Modern LLMs didn't appear from nowhere. The lineage:

      • 1950s–80s — Rule-based NLP. Hand-written grammars and dictionaries. Brittle.

      • 1990s — Statistical NLP. N-gram models predict the next word from the last n-1 words. Simple, but data-hungry and can't handle long-range dependencies.

      • 2003 — Neural language models (Bengio et al.). Words get vector embeddings; a feed-forward network predicts the next word.

      • 2013 — Word2Vec / GloVe. Embeddings become a standalone tool. The famous king − man + woman ≈ queen result.

      • 2014–2017 — RNNs and LSTMs (Sutskever, Cho, Bahdanau). Recurrent networks read tokens one at a time, maintaining a hidden state. Attention is added as a way for decoders to look back at encoder states (Bahdanau 2014).

      • 2017 — "Attention Is All You Need" (Vaswani et al.). The Transformer drops recurrence entirely, uses only attention. Trains in parallel across the whole sequence. Game over.

      • 2018 — BERT (Google) and GPT-1 (OpenAI). BERT is a bidirectional encoder for understanding; GPT is a causal decoder for generation. The two main flavors of Transformer.

      • 2019 — GPT-2. Scary-good text generation. OpenAI delays release citing misuse.

      • 2020 — GPT-3 (175B parameters). In-context learning emerges — the model can do new tasks from just examples in the prompt. Scaling laws (Kaplan et al.) show loss decreases predictably with size.

      • 2022 — ChatGPT. GPT-3.5 + RLHF goes viral. The first time the public widely encountered LLMs.

      • 2022 — Chinchilla. "You've been undertraining your models" — for compute-optimal training, tokens should be ~20× parameters.

      • 2023 — GPT-4, Claude, Llama, Mistral. Multimodality, longer context, the open-weights ecosystem.

      • 2024–2025 — Reasoning models (o1, DeepSeek-R1, Claude with extended thinking). Models trained with RL to use much more compute at inference time, producing chains of thought.

      Every modern LLM is a Transformer trained with this lineage's tricks. The architecture has been remarkably stable since 2017 — the gains have come from scale, data quality, and post-training.

    
  
    
      7. The core abstraction

      At its heart, an LLM is a function:

       f(token_sequence) → probability_distribution_over_next_token 

      You feed in a sequence of tokens, get back a probability distribution over what token comes next. Sample one, append it to the sequence, call the function again. This is autoregressive generation.

       ┌──────────────────────────┐ [1,2,3]│  giant matrix multiply   │ → [0.01, 0.4, 0.05, ..., 0.001] └──────────────────────────┘     ↑ argmax/sample → token 4 

      Everything else — chat, code generation, "reasoning" — is scaffolding around this primitive. Internalize this and 90% of LLM design choices become obvious.

    
  
    
      8. Tokenization, in depth

      Computers can't do math on text directly. Tokenization is the bridge.

      The naïve options

      • Character-level (one token per character): tiny vocab (~100), but sequences are long. Models waste capacity learning that letters form words.

      • Word-level (one token per word): short sequences, but vocab is enormous and you can't handle unseen words.

      Both are bad. The winner is subword tokenization.

      Byte-Pair Encoding (BPE)

      Start with characters. Repeatedly merge the most frequent pair until you hit a target vocab size (~50k–200k).

       step 0: "low lower newest widest"  → l o w _ l o w e r _ n e w e s t _ w i d e s t most frequent pair: 'e' + 's' step 1: ... e s ... most frequent pair: 'es' + 't' step 2: ... est ... 

      After thousands of merges, common words become single tokens (the, ing), uncommon words split into pieces (tokenization → token, ization), and any rare string can still be encoded byte-by-byte.

      Variants you'll meet

      • BPE (GPT-2/3/4, Llama). Frequency-based merges.

      • WordPiece (BERT). Like BPE but merges based on likelihood, not raw frequency.

      • Unigram (SentencePiece, T5). Starts large, prunes pieces that hurt likelihood least.

      • Tiktoken (OpenAI). Optimized BPE implementation.

      • SentencePiece (Google). Operates on raw bytes, language-agnostic, handles whitespace as a regular character.

      Why this matters for engineers

      • Cost is per-token, not per-character. "Hello, world!" might be 3 tokens in English, 7 in Indonesian, 15 in Japanese. Non-English text is more expensive.

      • Numbers tokenize weirdly. 1234567 may split as 123, 4567 — which is why LLMs are bad at arithmetic.

      • Whitespace counts. " hello" and "hello" are usually different tokens.

      • The tokenizer is frozen. You can't add a new token to a trained model without re-training the embedding for it.

      You can experiment at [tiktokenizer.vercel.app](https://tiktokenizer.vercel.app/) — paste any text, see exactly how a model splits it.

    
  
    
      9. Embeddings — meaning as geometry

      A token ID is just an integer, useless for math. Tokens get mapped to embedding vectors through a learned lookup table:

      python embedding_matrix: [vocab_size, d_model]   # e.g., [50000, 4096] embedding[token_id] → vector of length d_model 

      These vectors live in a high-dimensional space (typically 2k–12k dimensions). Two beautiful properties emerge during training:

      1. Similar meanings → close vectors

       distance(emb["dog"], emb["puppy"])  ≈ small distance(emb["dog"], emb["banana"]) ≈ large 

      2. Relationships → directions

      The famous Word2Vec result, which still holds in modern LLMs:

       emb["king"] - emb["man"] + emb["woman"] ≈ emb["queen"] emb["Paris"] - emb["France"] + emb["Italy"] ≈ emb["Rome"] 

      The vector emb["king"] - emb["man"] encodes the abstract concept of "royal." Adding it to "woman" gives you "queen." Geometry encodes meaning.

      Embeddings as a standalone product

      Modern systems use embedding-only models (OpenAI text-embedding-3, Cohere Embed, BGE) to convert text to vectors for retrieval. You embed millions of documents once, then at query time embed the question and find the nearest documents by cosine similarity. This is the foundation of RAG (chapter 22).

    
  
    
      10. The Transformer block

      The architecture that made modern LLMs possible is the Transformer (Vaswani et al., 2017). It's a stack of identical blocks:

      python def transformer_block(x): x = x + attention(layer_norm(x))   # tokens look at each other x = x + mlp(layer_norm(x))         # per-token transformation return x 

      Two sub-layers per block — attention and a feed-forward network — both wrapped in residual connections and layer norm. Stack 32, 80, 120 of these and you have GPT-4, Claude, Llama.

      The residual stream (x + ...) is the highway information flows on. Each block reads from it, computes, writes back. Mechanistic interpretability researchers think of it as a shared blackboard that different components read from and write to.

       input embeddings │ ▼ ┌──────┐  ┌──────┐  ┌──────┐         ┌──────┐ │block │→ │block │→ │block │→ ... →  │block │ └──────┘  └──────┘  └──────┘         └──────┘ │ ▼ final layer norm │ ▼ unembedding (W_U) │ ▼ logits over vocabulary 

      The first and last steps are interesting:

      • Embedding turns token IDs into vectors.

      • Unembedding turns the final residual stream back into a distribution over tokens. Often W_U is tied to W_E (transposed) to save parameters.

    
  
    
      11. Attention, mechanically

      Attention lets a token at position i pull information from tokens at positions 0..i. For each token, three vectors via learned linear projections:

      • Query (Q): "what am I looking for?"

      • Key (K): "what do I contain?"

      • Value (V): "what will I contribute if attended to?"

       attention(Q, K, V) = softmax(Q @ K.T / sqrt(d_k)) @ V 

      Step by step: 1. Q @ K.T produces an [T, T] matrix of scores: how much does each token want to listen to each other token? 2. / sqrt(d_k) keeps scores in a reasonable range (otherwise softmax saturates). 3. Causal mask sets the upper triangle to -inf so position i can't see positions > i. 4. softmax along the last dimension turns scores into weights summing to 1. 5. @ V produces a weighted average of value vectors — the token's new representation.

      Multi-head attention

      Instead of one attention computation, split d_model into h heads (e.g., 32 or 64) and run attention independently in each subspace. Different heads specialize:

      • Positional heads. "Look at the previous token."

      • Syntactic heads. "Match this verb to its subject."

      • Induction heads. "I just saw 'AB' earlier; now I see 'A' again — output 'B'." This is the mechanism behind in-context learning (Olsson et al., 2022).

      • Entity-tracking heads. "Which character did 'she' refer to?"

      Concatenate the head outputs, project through W_O, done.

      A worked numeric example

      For the sequence ["The", "cat", "sat"] (3 tokens, d_model=4):

      ` x = [[0.1, 0.2, 0.3, 0.4],   # The [0.5, 0.1, 0.0, 0.2],   # cat [0.3, 0.7, 0.1, 0.2]]   # sat

      Q, K, V = x @ W_Q, x @ W_K, x @ W_V    # each [3, 4]

      scores = Q @ K.T   # [3, 3] — token-to-token scores = [[s00, -inf, -inf], [s10, s11,  -inf], [s20, s21,  s22 ]]    # causal mask

      weights = softmax(scores / 2) output  = weights @ V    # [3, 4] — each token now contains a mix of itself and prior tokens `

      The token "sat" can now access information from "The" and "cat" in proportion to how relevant they are.

    
  
    
      12. The MLP — where knowledge lives

      After attention, each token goes through a position-wise feed-forward network (applied identically and independently at every position):

       MLP(x) = W_2 @ activation(W_1 @ x) 

      W_1 projects up by 4× (e.g., d_model=4096 → hidden=16384) and W_2 projects back down. Modern models use SwiGLU or GeGLU instead of plain ReLU for slightly better performance.

      Two important facts:

      Most parameters live here

      In a typical Transformer, MLPs hold ~⅔ of all weights. If you're optimizing memory or studying the model, MLPs are where to look first.

      Most factual knowledge lives here too

      Interpretability work (Geva et al., 2021; Meng et al., 2022) shows MLPs act as key-value memories:

      • The up-projection (W_1) acts like a set of pattern-matching keys.

      • An input that activates a particular key triggers the down-projection (W_2) to add a specific direction back into the residual stream.

      When the model "knows" Paris is the capital of France, that fact lives as a learned association in MLP weights, distributed across many layers. ROME (Meng et al.) showed you can edit individual facts by modifying specific MLP weights — proof these aren't black boxes.

    
  
    
      13. LayerNorm, residuals, and pre-norm vs post-norm

      Residual connections

      The x + ... in x = x + attention(...) is a residual connection. Without it:

      • Gradients vanish in deep networks (deep stacks become untrainable).

      • Each layer has to fully reconstruct the representation, instead of just nudging it.

      With residuals, each block is "the identity, plus a small correction." Information flows uninhibited from layer 1 to layer 100. This is what makes 100-layer models possible.

      LayerNorm

      For each token vector, normalize to mean 0 and variance 1, then learn a scale (γ) and shift (β):

      python def layer_norm(x): mean = x.mean(-1, keepdim=True) var  = x.var(-1, keepdim=True) return (x - mean) / sqrt(var + eps) * gamma + beta 

      Without normalization, activations drift, training becomes unstable, and learning rates have to be tiny. RMSNorm (Llama, modern models) is a simpler variant — drops the mean subtraction, keeps only the rescaling. Cheaper, comparable quality.

      Pre-norm vs post-norm

      The original Transformer used post-norm (norm after the residual add):

       x = layer_norm(x + sublayer(x)) 

      Modern models use pre-norm (norm before the sublayer):

       x = x + sublayer(layer_norm(x)) 

      Pre-norm is much more stable to train at scale — the residual stream is never normalized, so gradients flow cleanly. Post-norm at 100 layers tends to diverge.

    
  
    
      14. Encoder, decoder, encoder-decoder

      Three Transformer flavors exist. Knowing the difference clears up a lot of confusion.

      | Flavor | Attention pattern | Examples | Best for | |---|---|---|---| | Encoder-only | Bidirectional (each token sees all others) | BERT, RoBERTa | Classification, embeddings, understanding | | Decoder-only | Causal (each token sees only past) | GPT, Claude, Llama | Generation, anything autoregressive | | Encoder-decoder | Encoder bidirectional; decoder causal + cross-attention | T5, original Transformer | Translation, summarization (legacy) |

      Why decoder-only won. Once you can do generation well, you can frame any task as generation ("classify this email" → "spam" or "not spam" as text). One architecture, one training objective, one model family. BERT-style understanding tasks now usually use embeddings extracted from a decoder-only model anyway.

    
  
    
      15. Training: just predict the next token

      The pretraining objective is breathtakingly simple — cross-entropy loss on next-token prediction:

      python loss = -log P(token_{i+1} | token_0, ..., token_i) 

      Average this over every position in every sequence in your dataset. Take the gradient. Step the optimizer. Repeat for trillions of tokens.

      The model has no special objective for "reasoning," "code," or "translation" — just minimizing prediction error. Capabilities emerge as instrumental: to predict the next token in a math proof, the model has to learn arithmetic. To predict the next line of code, it has to learn programming logic.

      Why this is unsupervised (technically self-supervised)

      There are no human labels — the "label" for each input is just the next token in the corpus. You generate (input, target) pairs automatically from any text. This is why pretraining can scale to trillions of tokens: humans don't have to annotate anything.

      The fine-tuning phase later (SFT, RLHF) is supervised — but that's <1% of the compute.

    
  
    
      16. Optimizers, schedules, and tricks of the trade

      Training a frontier LLM is months of careful engineering. Highlights:

      Optimizer

      AdamW is the standard. For each parameter:

      • Track exponential moving averages of gradients (m) and squared gradients (v).

      • Update by lr * m / (sqrt(v) + eps) — adapts step size per parameter.

      • Apply weight decay separately (the "W" in AdamW) for regularization.

      Recent alternatives (Lion, Sophia, Shampoo) trade off memory/compute for sometimes-better convergence. AdamW is still the default.

      Learning rate schedule

      LRs aren't constant. Standard recipe:

       1. Linear warmup from 0 → peak_lr over ~1% of training 2. Cosine decay from peak_lr → 0.1 × peak_lr over the rest 

      Warmup avoids early instability. Decay avoids bouncing around the loss landscape near convergence. Peak LR is typically ~3e-4 for small models, ~1e-4 for large ones.

      Batch size

      Bigger batches = more stable gradients = more parallelism. Frontier models use millions of tokens per batch, achieved through gradient accumulation (compute gradients on small batches, sum them, step once) and data parallelism (different GPUs handle different batches).

      Mixed precision

      Train in bf16 (brain float, 16-bit) instead of fp32. Halves memory and doubles throughput. Some tensors (loss accumulator, optimizer states) stay in fp32 to avoid numerical issues.

      Gradient checkpointing

      Forward pass usually saves all activations for backprop. Gradient checkpointing recomputes them instead — trades ~30% more compute for much less memory. Required for training large models on smaller GPUs.

      Gradient clipping

      Clip gradient norm to (e.g.) 1.0 to prevent training-destroying spikes. Standard for LLMs.

      Loss curves you'll see

       loss │\ │ \________ │          \________ │                   \_________ │                              \________ │                                       \___ └──────────────────────────────────────────── steps 

      A smooth, monotonically decreasing loss with occasional small bumps. Spikes upward usually mean a bad batch or numerical issue — look at gradient norms. Sudden plateaus often mean a learning-rate or data issue.

    
  
    
      17. Pretraining data — what's actually in there

      A frontier model is trained on trillions of tokens of text. Sources include:

      | Source | Description | |---|---| | Common Crawl | Petabytes of crawled web pages — the bulk of most pretraining sets | | C4 | Cleaned-up Common Crawl from Google | | The Pile / RedPajama / FineWeb | Open replicas of frontier-model datasets | | Wikipedia | High-quality, factual prose | | Books | Project Gutenberg, Books3, licensed datasets | | Code | GitHub, StackOverflow | | Forum data | Reddit, StackExchange, etc. | | Synthetic data | Generated by stronger models (increasingly important) |

      Data quality matters more than quantity

      Recent research (FineWeb, DCLM) shows that better filtering beats more tokens. Standard pipeline:

      1. Language identification. Drop or partition by language. 2. Quality classifiers. ML model scores each document; low scores get dropped. 3. Deduplication. Exact and near-duplicate (MinHash/SimHash) removal — dedupe gains a lot of effective compute. 4. PII / safety filtering. Remove personal info, toxic content. 5. Format normalization. HTML → text, unicode normalization, etc.

      Synthetic data

      Increasingly, frontier models train on data generated by other models — because human text on the internet has saturated and quality-controlled synthetic data is often better. Used for:

      • Instruction-tuning data (Q → A pairs).

      • Math and reasoning chains.

      • Code with tests.

      • Distillation from larger models.

      Knowledge cutoff

      The "cutoff" is when training data was last collected. Anything later is unknown to the model. Most assistants are 6–12 months out of date when released.

    
  
    
      18. From pretrained model to assistant: SFT, RLHF, DPO

      A pretrained model is a powerful next-token predictor but not yet helpful. Ask it a question and it might continue with more questions, because internet text often does that.

      Stage 1 — Supervised Fine-Tuning (SFT)

      Collect (prompt, ideal_response) pairs (often 10k–1M of them) and continue training with the same next-token loss, but on this curated data. Teaches the model the format of being a helpful assistant.

      Stage 2 — Reinforcement Learning from Human Feedback (RLHF)

      SFT alone teaches format but doesn't capture subtle preferences (helpful, honest, harmless). The recipe:

      1. Sample multiple responses per prompt from the SFT model. 2. Have humans rank them: "A is better than B." 3. Train a reward model to predict those rankings. 4. Use RL (PPO) to fine-tune the LLM, maximizing reward-model score, with a KL penalty to stay close to the SFT model (so it doesn't go off the rails optimizing the proxy).

      DPO (Direct Preference Optimization)

      A 2023 paper (Rafailov et al.) showed you can skip the reward model entirely. Given paired preferences (prompt, chosen, rejected), fit the policy directly with a closed-form loss that's mathematically equivalent to RLHF in the limit. Simpler, often as good. Now widely used.

      Constitutional AI / RLAIF

      Anthropic's variant: have the model itself critique its outputs against a set of written principles ("be helpful, don't help with weapons, don't be deceptive..."), then train on its own self-critique. Removes humans from the inner loop, enables training on harder topics.

      The result

      After alignment, the model behaves like a helpful assistant: follows instructions, refuses harmful requests, asks clarifying questions, formats outputs sensibly. The underlying mechanism is still next-token prediction — the distribution has just been shaped to look like a helpful agent.

    
  
    
      19. Inference and sampling

      Given the next-token distribution, how do you pick a token?

      | Strategy | Description | When to use | |---|---|---| | Greedy (argmax) | Always pick the most likely | Deterministic; can loop and repeat | | Temperature (T) | Divide logits by T before softmax | T<1 confident, T>1 random, T=0=greedy | | Top-k | Sample from top k tokens only | Cuts off the long tail | | Top-p / nucleus | Sample from smallest set with cumulative prob ≥ p | Adapts cutoff per-step (now standard) | | Min-p | Sample only tokens with prob ≥ min_p × max_prob | Newer, more robust to high-T |

      Production chat usually uses T≈0.7, top_p≈0.9. Code generation uses T≈0.2. Deterministic eval uses T=0.

      Repetition penalty

      Models love loops. Repetition penalty downweights logits for tokens that already appeared, breaking degenerate "the the the the" outputs.

      Constrained generation

      You can force the output to match a grammar (JSON schema, regex). Implementations:

      • Logit masking. Set logits for invalid tokens to -inf.

      • Outlines / Guidance / xgrammar. Libraries that handle the grammar bookkeeping.

      This is how "JSON mode" / "structured outputs" work in modern APIs — a 100% guarantee, not just a strong prompt.

      Latency tricks

      • Speculative decoding. A small draft model proposes several tokens; the big model verifies them in one parallel forward pass. If the draft was right, you got several tokens for the cost of one.

      • Continuous batching. Pack multiple users' requests into the same forward pass, dynamically adding/removing as sequences finish. This is what vLLM and TGI do.

      • Prefix caching. If many requests share a system prompt, cache its KV state and reuse.

    
  
    
      20. Context windows and KV cache

      A model's context window is the max tokens it can attend to in a single call. Modern models go from 128k to 2M+.

      The KV cache

      During generation you produce one token at a time. Naively you'd recompute K and V for every prior token at every step — O(n²) per token. Instead, cache K and V from prior steps. The new token computes its own Q, K, V, appends to the cache, attends. This is the KV cache.

       without cache: each new token = O(n²) with cache:    each new token = O(n) 

      It's why per-token latency scales linearly. It's also why long contexts are expensive — KV cache memory grows linearly with sequence length and can dominate VRAM.

      Cache memory math

       KV cache size ≈ 2 × n_layers × n_heads × head_dim × seq_len × batch × bytes_per_element 

      For Llama-3-70B at 128k context: ~40 GB of KV cache per request. This is why GQA and MQA (chapter 27) exist — to slash these numbers.

      Prompt caching

      If you send the same large prefix repeatedly (system prompt + RAG context + few-shot examples), you can cache the KV state and only compute the new suffix. Anthropic and OpenAI both expose this — 5-10× cost reduction on cached prefixes.

      The "lost in the middle" problem

      Long context windows don't mean perfect recall. Models attend more strongly to the start and end of contexts than the middle (Liu et al., 2023). Important info should go near the top or bottom of long prompts.

    
  
    
      21. Tools, function calling, and agents

      LLMs can be taught to emit structured calls to external functions. The pattern:

      1. Describe available tools in the system prompt (name, params, description). 2. The model emits a structured call (usually JSON) instead of a final answer. 3. Your runtime executes the tool and feeds the result back as a new message. 4. The model continues, possibly calling more tools, until it produces a final answer.

       user: "What's the weather in Tokyo?" ↓ model: { "tool": "get_weather", "args": { "city": "Tokyo" } } ↓ runtime calls API → "23°C, partly cloudy" ↓ model: "It's 23°C and partly cloudy in Tokyo." 

      Function calling protocols

      • OpenAI function calling / tool use. JSON schema input, tool calls in a structured response field.

      • Anthropic tool use. Similar; Claude is trained to be especially good at this.

      • Model Context Protocol (MCP). Anthropic's open standard for connecting LLMs to external tools. Server processes expose tools; any MCP-compatible client (Claude Desktop, Claude Code) can use them.

      Agents

      An agent is an LLM in a loop with tools and a goal:

       while not done: observation = environment.observe() action = llm.decide(history + observation) if action.type == "tool_call": result = execute(action) history.append(result) elif action.type == "final_answer": done = True 

      Claude Code is one such agent — the model decides which file to read, which command to run, then reads the output and decides what to do next.

      The hard parts of agents aren't the model — they're:

      • Context management. What do you keep in the window as the loop grows?

      • Error recovery. Tools fail, outputs are garbled, models hallucinate calls.

      • Stopping. Knowing when to stop, ask for help, or escalate.

      • Verification. Did the action actually achieve the goal?

    
  
    
      22. Retrieval-augmented generation (RAG)

      LLMs only know what's in their weights. To answer questions about your data, you can either:

      • Fine-tune the model on your data (expensive, slow to update, hard to do right).

      • Retrieve relevant chunks at inference time and stuff them into the context.

      Option 2 is RAG.

      Architecture

       [corpus] ↓ chunk + embed → [vector DB] │ [user query] → embed ─┴→ similarity search → top-k chunks │ [prompt] = chunks + query ↓ LLM ↓ response 

      Pieces

      • Chunking. Split documents into 100–1000-token chunks. Overlap helps. How you chunk matters a lot for quality.

      • Embedding model. A small LLM trained for retrieval (BGE, E5, OpenAI text-embedding-3, Cohere). Maps text to vectors.

      • Vector database. pgvector, Pinecone, Weaviate, Qdrant, Milvus, Chroma. Indexes vectors with HNSW or IVF for fast nearest-neighbor search.

      • Reranking (optional). After retrieving 50 candidates with cheap embeddings, run a slower cross-encoder to score each query-document pair more accurately. Big quality jump.

      • Hybrid search. Combine dense (embedding) and sparse (BM25 keyword) retrieval. Catches edge cases neither does alone.

      Pitfalls

      • Chunk boundaries. Splitting mid-thought destroys retrieval.

      • Synonyms / paraphrasing. Embeddings are mostly semantic but not perfect. Hybrid search helps.

      • Update lag. Re-embedding millions of docs takes hours. Plan for it.

      • Citation hallucination. Models may misattribute facts to retrieved sources. Force inline citations and validate.

    
  
    
      23. Prompt engineering and chain-of-thought

      How you ask matters. Some techniques have become standard:

      Zero-shot vs few-shot

      • Zero-shot. "Translate to French: Hello."

      • Few-shot. Include examples in the prompt: "English: Goodbye → French: Au revoir. English: Hello → French: ___"

      Few-shot was huge for GPT-3. Modern instruction-tuned models often don't need it.

      Chain-of-thought (CoT)

      Prompt: "Let's think step by step." Or include reasoning examples in few-shot.

       Without CoT: 24 × 17 = ?            → wrong With CoT:    24 × 17 = 24×10 + 24×7 = 240 + 168 = 408   → right 

      The model gets more compute per output token by externalizing intermediate steps. Big quality gains on math, logic, and multi-step reasoning.

      Self-consistency

      Sample n chains of thought at high temperature; take the majority answer. Trades compute for accuracy on hard problems.

      ReAct

      "Reasoning + Acting." Interleave reasoning steps with tool calls:  Thought: I need today's weather. Action: search("Tokyo weather") Observation: 23°C partly cloudy. Thought: Now I can answer. Final: It's 23°C in Tokyo.  Foundation of most agent loops.

      Practical tips

      • Be specific. "Summarize in 3 bullet points" beats "summarize."

      • Show, don't tell. Examples beat instructions.

      • Structure with delimiters. <context>...</context>, ### Instructions, etc.

      • Put critical info at the start or end. Avoid the lost-in-the-middle zone.

      • Constrain the output format. "Reply in JSON matching this schema..." or use structured outputs API.

      • Iterate. Look at failures; the prompt is probably the bug.

    
  
    
      24. Failure modes

      Things LLMs are bad at, and why:

      | Failure | Why | Mitigation | |---|---|---| | Hallucination | Trained for plausibility, not truth | RAG, tools, "I don't know" training | | Arithmetic | Tokenization, no built-in math | Code execution as a tool | | Counting | Tokenization, no positional sense | Tool calls | | Long-horizon planning | Myopic, picks one token at a time | CoT, scratchpads, agent loops | | Knowledge cutoff | Frozen weights | RAG, web search | | Sycophancy | RLHF rewards agreement | Better preference data, explicit "be honest" training | | Prompt injection | No input/instruction separation | Guards, output validation, defense-in-depth | | Context confusion | Long prompts, lost in middle | Restructure, summarize, retrieval | | Training data bias | Reflects internet biases | Data curation, post-training, evals | | Reasoning-vs-recall confusion | Both look like text | Explicit prompt structure, tool use |

      ---

    
  
    
      Part III — Practitioner

      
    
  
    
      25. Scaling laws

      The empirical finding that drove the field forward: loss decreases predictably as you scale model size, data, and compute together (Kaplan et al. 2020; "Chinchilla" Hoffmann et al. 2022).

      Power-law form

       L(N, D) ≈ A/N^α + B/D^β + L_∞ 

      N = parameters, D = training tokens. The irreducible loss L_∞ represents the entropy of natural language — you can't predict perfectly because text is genuinely uncertain.

      Chinchilla's correction

      Earlier work suggested model size mattered most. Chinchilla showed: for compute-optimal training, tokens ≈ 20 × parameters. Most pre-Chinchilla models (including GPT-3) were undertrained.

      | Model | Params | Tokens | Tokens/Param | |---|---|---|---| | GPT-3 | 175B | 300B | 1.7 (undertrained) | | Chinchilla | 70B | 1.4T | 20 (optimal) | | Llama-3 70B | 70B | 15T | 214 (overtrained, deliberately) |

      Modern frontier models often overtrain dramatically — past the compute-optimal point — because inference cost matters. A smaller model trained longer is cheaper to serve.

      Emergent capabilities

      As models scale, qualitatively new abilities appear at certain thresholds — arithmetic, in-context learning, instruction following. Some researchers argue these "emergent" jumps are partly artifacts of evaluation metrics (Schaeffer et al., 2023), but in practice you absolutely see capability cliffs as you scale.

    
  
    
      26. Position encodings

      Self-attention is permutation-invariant — it doesn't know token order. You inject position info somehow.

      Sinusoidal (original Transformer)

      Add fixed sin/cos vectors to embeddings. Different frequencies per dimension. Beautiful, doesn't generalize past training length.

      Learned absolute (early GPT)

      A separate embedding per position. Simple, doesn't extrapolate at all past training length.

      Rotary Position Embedding (RoPE) — modern default

      Instead of adding position info, rotate Q and K vectors by an angle proportional to position. The dot product Q_i · K_j then naturally encodes the relative distance i - j. Properties:

      • Encodes relative position without explicit relative-position embeddings.

      • Works in attention only — clean.

      • Extends to longer contexts via interpolation/extrapolation tricks (NTK-aware scaling, YaRN).

      Used by Llama, Mistral, GPT-4, Claude.

      ALiBi (Attention with Linear Biases)

      Don't use position embeddings at all. Just bias attention scores by a linear function of relative distance — closer tokens get higher scores. Simpler than RoPE, extrapolates well.

      Why this matters for context length

      Going from 8k → 128k tokens isn't a simple config change — the position encoding has to extrapolate well, or you fine-tune on long sequences. RoPE with NTK-aware interpolation is the standard recipe.

    
  
    
      27. Attention variants

      Multi-Head Attention (MHA) — original

      Each head has its own Q, K, V projection. Maximum expressiveness, maximum KV cache.

      Multi-Query Attention (MQA)

      All heads share one K and V projection. Slashes KV cache by n_heads. Slightly worse quality, much faster.

      Grouped-Query Attention (GQA) — modern default

      Heads are partitioned into groups; each group shares K, V. A middle ground. Llama-2 70B and beyond use GQA. Llama-3 70B uses 8 KV heads vs 64 query heads — 8× cache reduction with minimal quality loss.

       MHA:  64 Q heads, 64 K heads, 64 V heads   (max cache) GQA:  64 Q heads,  8 K heads,  8 V heads   (modern default) MQA:  64 Q heads,  1 K head,   1 V head    (min cache) 

      FlashAttention

      A reimplementation of attention that's mathematically identical but faster. Standard attention materializes the [T, T] score matrix in slow GPU memory (HBM); FlashAttention tiles the computation to keep everything in fast on-chip SRAM. 2-4× speedup, same numerics. FlashAttention-2 and FlashAttention-3 push further on Hopper GPUs.

      If you're training or serving anywhere near the frontier, you're using FlashAttention.

      Sliding window / sparse attention

      Some layers attend only to a local window (Mistral) or a sparse pattern (BigBird, Longformer). Reduces compute for very long sequences. Common in long-context models alongside full attention layers.

    
  
    
      28. Mixture of Experts

      MoE replaces each MLP with N parallel MLPs ("experts") plus a router. The router picks the top-k experts (usually 1 or 2) per token. Total parameter count goes way up; per-token compute stays constant.

       [token] → router → top-2 of 8 experts → weighted sum → output 

      Why it works

      Different experts specialize on different patterns (rare languages, code, math). At inference, only a fraction activate per token, so 8× the parameters cost ~1× the compute.

      Famous MoE models

      • Mixtral 8×7B. 47B total, ~13B active per token. Open-weights.

      • GPT-4 (rumored to be MoE).

      • DeepSeek-V3. 671B total, 37B active.

      • Mixtral 8×22B.

      Trade-offs

      • Memory pressure. All experts must be in VRAM even though only a few activate.

      • Routing instability. Bad routers cause uneven expert load and worse training.

      • Auxiliary losses. Load-balancing losses keep experts equally utilized.

      • Inference complexity. Variable routing means dynamic computation graphs and harder batching.

    
  
    
      29. Long context

      How does Claude handle 1M tokens of context? Several techniques layered:

      Architectural

      • RoPE with position interpolation / YaRN. Stretch position frequencies so the model generalizes past training length.

      • GQA / MQA. Cut KV cache so 1M tokens fits in VRAM.

      • Sliding-window attention (some layers). Reduces compute on very long sequences.

      • Sparse attention patterns (BigBird-style). Some heads attend globally, most locally.

      Training

      • Long-context fine-tuning. Pretrain at 8k, then fine-tune at 128k, 256k, 1M with a curriculum. Pretraining at full length is too expensive.

      • Synthetic long-context data. Reasoning across very long documents is rare in natural data; generate it.

      Serving

      • Ring attention. Distribute the sequence across GPUs; pass KV blocks around the ring.

      • Paged KV cache (vLLM). Manage cache memory in fixed-size pages, like virtual memory.

      • Prompt caching. Reuse KV state for stable prefixes.

      Quality vs. capacity

      A 1M-token model isn't equally good across all 1M tokens. Needle-in-a-haystack tests (place a fact, ask about it) reveal degradation, especially in the middle. Newer models keep getting better; assume some degradation and structure prompts to put critical info at edges.

    
  
    
      30. Quantization and inference optimization

      Frontier models have hundreds of billions of parameters. Serving them cheaply requires shrinking them.

      Precision formats

      | Format | Bits | Memory (70B) | Quality | |---|---|---|---| | fp32 | 32 | 280 GB | Reference | | fp16 / bf16 | 16 | 140 GB | Standard inference | | int8 | 8 | 70 GB | Minor degradation | | int4 (GPTQ, AWQ) | 4 | ~35 GB | Noticeable but usable | | ~1.58-bit (BitNet) | log₂3 | ~14 GB | Research |

      Quantization methods

      • Post-Training Quantization (PTQ). Take a trained fp16 model, quantize weights with calibration data. GPTQ, AWQ, GGUF.

      • Quantization-Aware Training (QAT). Simulate quantization during training. Better quality, much more expensive.

      • Activation quantization. Quantize activations too (not just weights). Required for full int8 inference acceleration.

      Local inference frameworks (llama.cpp, Ollama) typically use 4-bit GGUF — that's how a 70B model runs on a single consumer GPU.

      Distillation

      Train a small "student" model to imitate a large "teacher" model's outputs. The student is much cheaper but can capture much of the quality. Used for Phi (Microsoft), Gemini Flash, distilled DeepSeek-R1 variants.

      Pruning

      Remove weights that contribute little. Structured (entire heads/neurons) or unstructured (individual weights). Less impactful in practice than quantization; complicated by Transformer architecture.

    
  
    
      31. Distributed training

      You can't fit a 70B model on one GPU, let alone train it. Parallelism:

      Data parallelism (DP)

      Each GPU has a full copy of the model; each processes different batches. Gradients are averaged via all-reduce. Simple, scales out — but every GPU needs to fit the whole model.

      Tensor parallelism (TP)

      Split each weight matrix across GPUs. For a giant matmul, each GPU does a slice; results combined with all-reduce. High communication, used within a node where GPUs have fast interconnect (NVLink).

      Pipeline parallelism (PP)

      Different layers on different GPUs. Forward/backward proceed as a pipeline of micro-batches. Lower communication, but bubble efficiency is tricky.

      ZeRO / FSDP

      ZeRO (Microsoft) and FSDP (PyTorch) shard the model state (params, gradients, optimizer states) across data-parallel ranks. Each GPU only holds a slice; gather what it needs at compute time, drop it after. Same as DP from the user's perspective, but uses much less memory.

      • ZeRO-1. Shard optimizer states.

      • ZeRO-2. Shard optimizer states + gradients.

      • ZeRO-3. Shard everything.

      3D parallelism

      Frontier training stacks all three: DP × TP × PP. A 1024-GPU run might be 8-way TP within a node, 8-way PP across nodes, 16-way DP across pods. Tuning this is a job in itself.

      Failure handling

      A multi-week training run on thousands of GPUs will have hardware failures. Frameworks checkpoint periodically and resume from the last good state. Loss spikes are caught with rollback + lower LR.

    
  
    
      32. Parameter-efficient fine-tuning

      Full fine-tuning of a 70B model needs hundreds of GB of optimizer state. Most fine-tuning today is parameter-efficient.

      LoRA (Low-Rank Adaptation)

      Freeze the base model. Add tiny low-rank matrices B @ A (where A is r × d and B is d × r, with r small like 8 or 16) to each weight matrix:

       W_effective = W_frozen + B @ A 

      Train only A and B. Original weights never change. A 70B base model + 50MB of LoRA adapters can specialize for a task.

      QLoRA

      Quantize the base model to 4-bit, then LoRA on top. You can fine-tune a 70B model on a single 48 GB GPU. Standard for the open-source community.

      Other variants

      • DoRA. Decomposes weight updates into magnitude + direction.

      • Adapter layers. Insert small bottleneck modules between layers.

      • Prompt tuning / prefix tuning. Train soft (continuous) prompt embeddings; freeze everything else.

      When to fine-tune at all

      Often you don't need to. Try in this order: 1. Better prompting. 2. Few-shot examples. 3. RAG. 4. Tool use. 5. Fine-tuning.

      Fine-tune for: domain-specific tone, structured output enforcement, removing capabilities, very repetitive tasks where you want a smaller / faster model.

    
  
    
      33. Multimodal LLMs

      Modern frontier models accept images, audio, video. The pattern:

      Vision

      • Image encoder (often a Vision Transformer, ViT) turns pixels into a sequence of patch embeddings.

      • A projection layer maps patch embeddings into the LLM's residual stream space.

      • The LLM treats them as additional tokens. The decoder generates text autoregressively as before.

      LLaVA, Claude 3, GPT-4V, Llama 3.2 Vision all follow variants of this. The hard parts: high-resolution images (lots of patches → long sequences), training data (image-text pairs), and OCR-vs-perception tradeoffs.

      Audio

      • Audio encoder (Whisper-style) → embedding sequence.

      • Or train a model to operate on discrete audio tokens from a neural codec (EnCodec, SoundStream).

      • Fed into the LLM the same way as image patches.

      Video

      Frames as image sequences, sometimes with temporal sampling. Long-context becomes critical.

      Native multimodal training

      Newer models (GPT-4o, Gemini, Claude) are trained from the start on interleaved text + images + audio, rather than gluing modalities together. Better cross-modal reasoning.

    
  
    
      34. Reasoning models and test-time compute

      Until 2024, more compute meant a bigger model. Then OpenAI's o1, DeepSeek-R1, Claude with extended thinking — a new paradigm:

      > Spend more compute at inference time by generating longer reasoning chains, not by making the model bigger.

      How it works

      • Train (with RL, on verifiable tasks like math and code) to produce long internal monologues — chains of thought that may include backtracking, self-criticism, alternative approaches — before the final answer.

      • At inference, the model thinks for thousands of tokens before producing the visible response.

      • Quality on hard benchmarks (math olympiad, code competitions, GPQA) jumps dramatically.

      Test-time compute scaling laws

      Performance on hard problems scales smoothly with how many tokens of "thinking" you allow. Spend more compute → get better answers. This is a new dimension of scaling, orthogonal to model size.

      Why it works

      The model can:

      • Try multiple approaches and pick the best.

      • Catch its own errors.

      • Decompose problems into subproblems.

      • Look up partial computations from earlier in its thinking.

      CoT prompting is a primitive version of this; reasoning models internalize and amplify it.

      Trade-offs

      • Latency. Reasoning takes seconds to minutes. Bad for interactive UX.

      • Cost. Thousands of "thinking" tokens per query.

      • Less helpful for easy tasks. Don't reason about "what's 2+2."

    
  
    
      35. Evaluation

      How do we know any of this works?

      Perplexity

      exp(loss) — geometric mean of 1/P(correct token). Lower is better. Useful for comparing pretraining runs; not a great proxy for downstream usefulness.

      Capability benchmarks

      | Benchmark | Tests | |---|---| | MMLU | 57 academic subjects, multiple choice | | GPQA | Graduate-level science questions, very hard | | HumanEval / MBPP | Code generation against tests | | GSM8K / MATH | Math word problems | | HellaSwag, ARC, PIQA | Common-sense reasoning | | SWE-bench | Real GitHub bugs, agent capability | | AIME | Math olympiad problems (reasoning models) |

      LLM-as-judge

      Use a strong model to grade responses from other models. Cheap, scales, biases (positional, verbosity) need correction. MT-Bench, AlpacaEval, Arena-Hard all rely on this.

      Chatbot Arena

      Humans pair-rank responses from anonymous models; ELO ratings emerge. Probably the most trustworthy single signal for general chat quality.

      Benchmark contamination

      Models accidentally see eval data during pretraining → inflated scores. Held-out benchmarks (GPQA, AIME, fresh SWE-bench instances) try to mitigate. Suspect anything that looks too good.

      Internal eval suites

      Frontier labs maintain thousands of private evals — for safety, regressions, specific capabilities. Public benchmarks are a small fraction of how models actually get evaluated.

    
  
    
      36. Safety, alignment, and red-teaming

      LLMs can produce harmful content, leak private data, be manipulated into misuse. Mitigations span the whole pipeline:

      Pretraining

      • Filter explicitly harmful content (CSAM, copyrighted, PII).

      • Document data sources for accountability.

      Post-training

      • RLHF / Constitutional AI to teach refusal of harmful requests.

      • Red-team examples in training data.

      • Honesty / calibration training: reward saying "I don't know."

      Inference

      • Input filters (classifiers that block obvious abuse).

      • Output filters (classifiers that block harmful generations).

      • Tool-call sandboxing (an agent shouldn't execute arbitrary shell).

      Threats

      • Jailbreaks. Cleverly worded prompts that bypass refusals. Constant arms race.

      • Prompt injection. A document the model is summarizing contains "ignore previous instructions, do X." Especially dangerous in agents.

      • Data exfiltration. Tricking a model to leak training data or context.

      • Reward hacking. RLHF rewards behaviors that look good rather than are good (sycophancy, hallucinated confidence).

      Red-teaming

      Internal and external testers attempt to break the model — find dangerous outputs, jailbreaks, biases. Findings feed back into training data. Frontier labs publish "system cards" describing their evals.

      Alignment as a research field

      The bigger question: how do we ensure models pursuing complex goals do what we actually want, not what we accidentally specified? Active research areas:

      • Scalable oversight (humans can't directly supervise tasks beyond their ability).

      • Interpretability (chapter 37).

      • Constitutional methods.

      • Debate, recursive reward modeling.

    
  
    
      37. Mechanistic interpretability

      Honest answer: we don't fully know what's going on inside. Mech interp is the field trying to reverse-engineer circuits inside trained models.

      Confirmed findings

      • Induction heads. Pairs of attention heads that implement copy-from-prior-context. Foundation of in-context learning.

      • IOI circuit. A specific circuit in GPT-2 that handles indirect object identification (Wang et al., 2022) — a fully reverse-engineered task.

      • Superposition. Neurons represent more concepts than they have dimensions, by linear combinations. Single neurons rarely correspond to single human concepts.

      • Monosemantic features via SAEs. Sparse autoencoders trained on the residual stream extract features that are often human-interpretable ("the Golden Gate Bridge," "code with a security flaw," "hedging language").

      • Feature steering. Once you find a feature, you can amplify or suppress it at inference, changing model behavior in targeted ways.

      Why it matters

      If we can read what models are actually doing internally, we can:

      • Detect deception (the model "knows" the answer but says otherwise).

      • Localize and edit specific knowledge.

      • Verify safety properties.

      • Understand failures mechanically rather than statistically.

      Anthropic's interpretability team published the "Scaling Monosemanticity" paper (2024) demonstrating SAE features for Claude 3 Sonnet — millions of human-interpretable directions.

      This explains a tiny fraction of model behavior. The rest is a giant tensor of weights that empirically works. Interpretability is one of the most important open problems in the field.

      ---

    
  
    
      Part IV — Build It Yourself

      
    
  
    
      38. PoC: a tiny character-level LLM

      Time to make all of the above concrete. Below is a complete, runnable, character-level Transformer with ~50k parameters — small enough to train on a CPU in a few minutes, large enough to learn patterns from a few KB of text.

      It implements every concept from chapters 8–15:

      • Tokenization (character-level for simplicity).

      • Embedding + positional encoding.

      • Multi-head causal self-attention.

      • MLP with residuals + layer norm.

      • Cross-entropy next-token loss.

      • Temperature sampling for generation.

      • Interactive prompt loop.

      Setup

      bash pip install torch curl -o input.txt https://www.gutenberg.org/files/100/100-0.txt   # Shakespeare, or any plain text 

      The whole thing

      Save as tiny_llm.py:

      `python """ A ~50k-parameter character-level Transformer LLM. Trains on any plain-text file in a few minutes on CPU. """

      import math import torch import torch.nn as nn import torch.nn.functional as F

    
  
    
      --- Hyperparameters (tiny, for learning) ---

      BLOCK_SIZE   = 64    # context length in characters BATCH_SIZE   = 32 N_EMBED      = 64    # d_model N_HEAD       = 4     # attention heads (d_head = N_EMBED / N_HEAD = 16) N_LAYER      = 3     # transformer blocks DROPOUT      = 0.1 LR           = 3e-4 STEPS        = 3000 EVAL_EVERY   = 500 DEVICE       = "cuda" if torch.cuda.is_available() else "cpu" torch.manual_seed(1337)

    
  
    
      --- 1. Tokenization (character-level) ---

      with open("input.txt", "r", encoding="utf-8") as f: text = f.read()

      chars = sorted(set(text)) vocab_size = len(chars) stoi = {c: i for i, c in enumerate(chars)} itos = {i: c for i, c in enumerate(chars)} encode = lambda s: [stoi[c] for c in s] decode = lambda ids: "".join(itos[i] for i in ids)

      data = torch.tensor(encode(text), dtype=torch.long) n = int(0.9 * len(data)) train_data, val_data = data[:n], data[n:]

      def get_batch(split): """Sample a random batch of (input, target) sequences.""" d = train_data if split == "train" else val_data ix = torch.randint(len(d) - BLOCK_SIZE - 1, (BATCH_SIZE,)) x = torch.stack([d[i : i + BLOCK_SIZE] for i in ix]) y = torch.stack([d[i + 1 : i + 1 + BLOCK_SIZE] for i in ix])  # shifted by 1 return x.to(DEVICE), y.to(DEVICE)

    
  
    
      --- 2. Single attention head ---

      class Head(nn.Module): def __init__(self, head_size): super().__init__() self.key   = nn.Linear(N_EMBED, head_size, bias=False) self.query = nn.Linear(N_EMBED, head_size, bias=False) self.value = nn.Linear(N_EMBED, head_size, bias=False)

    
  
    
      Causal mask: lower triangular, so position i can only see 0..i

      self.register_buffer("tril", torch.tril(torch.ones(BLOCK_SIZE, BLOCK_SIZE))) self.dropout = nn.Dropout(DROPOUT)

      def forward(self, x): B, T, C = x.shape q = self.query(x) k = self.key(x) v = self.value(x) scores = q @ k.transpose(-2, -1) / math.sqrt(k.size(-1)) scores = scores.masked_fill(self.tril[:T, :T] == 0, float("-inf")) weights = F.softmax(scores, dim=-1) weights = self.dropout(weights) return weights @ v

    
  
    
      --- 3. Multi-head attention ---

      class MultiHeadAttention(nn.Module): def __init__(self, n_head, head_size): super().__init__() self.heads = nn.ModuleList([Head(head_size) for _ in range(n_head)]) self.proj  = nn.Linear(n_head * head_size, N_EMBED) self.dropout = nn.Dropout(DROPOUT)

      def forward(self, x): out = torch.cat([h(x) for h in self.heads], dim=-1) return self.dropout(self.proj(out))

    
  
    
      --- 4. Position-wise feed-forward (the MLP) ---

      class FeedForward(nn.Module): def __init__(self): super().__init__() self.net = nn.Sequential( nn.Linear(N_EMBED, 4  N_EMBED), nn.GELU(), nn.Linear(4  N_EMBED, N_EMBED), nn.Dropout(DROPOUT), )

      def forward(self, x): return self.net(x)

    
  
    
      --- 5. One transformer block: attention + MLP, both with residuals + layernorm ---

      class Block(nn.Module): def __init__(self): super().__init__() head_size = N_EMBED // N_HEAD self.attn = MultiHeadAttention(N_HEAD, head_size) self.mlp  = FeedForward() self.ln1  = nn.LayerNorm(N_EMBED) self.ln2  = nn.LayerNorm(N_EMBED)

      def forward(self, x): x = x + self.attn(self.ln1(x))   # pre-norm + residual x = x + self.mlp(self.ln2(x)) return x

    
  
    
      --- 6. The full LLM ---

      class TinyLLM(nn.Module): def __init__(self): super().__init__() self.token_emb = nn.Embedding(vocab_size, N_EMBED) self.pos_emb   = nn.Embedding(BLOCK_SIZE, N_EMBED) self.blocks    = nn.Sequential(*[Block() for _ in range(N_LAYER)]) self.ln_f      = nn.LayerNorm(N_EMBED) self.head      = nn.Linear(N_EMBED, vocab_size)

      def forward(self, idx, targets=None): B, T = idx.shape tok = self.token_emb(idx) pos = self.pos_emb(torch.arange(T, device=idx.device)) x = tok + pos x = self.blocks(x) x = self.ln_f(x) logits = self.head(x)

      loss = None if targets is not None: loss = F.cross_entropy(logits.view(-1, vocab_size), targets.view(-1)) return logits, loss

      @torch.no_grad() def generate(self, idx, max_new_tokens, temperature=1.0, top_k=None): for _ in range(max_new_tokens): idx_cond = idx[:, -BLOCK_SIZE:] logits, _ = self(idx_cond) logits = logits[:, -1, :] / temperature if top_k is not None: v, _ = torch.topk(logits, min(top_k, logits.size(-1))) logits[logits < v[:, [-1]]] = float("-inf") probs = F.softmax(logits, dim=-1) next_id = torch.multinomial(probs, num_samples=1) idx = torch.cat([idx, next_id], dim=1) return idx

    
  
    
      --- 7. Train ---

      model = TinyLLM().to(DEVICE) print(f"Parameters: {sum(p.numel() for p in model.parameters()):,}") optimizer = torch.optim.AdamW(model.parameters(), lr=LR)

      @torch.no_grad() def estimate_loss(): model.eval() out = {} for split in ["train", "val"]: losses = torch.zeros(20) for k in range(20): X, Y = get_batch(split) _, loss = model(X, Y) losses[k] = loss.item() out[split] = losses.mean().item() model.train() return out

      for step in range(STEPS): if step % EVAL_EVERY == 0 or step == STEPS - 1: losses = estimate_loss() print(f"step {step:>5}  train {losses['train']:.3f}  val {losses['val']:.3f}")

      xb, yb = get_batch("train") _, loss = model(xb, yb) optimizer.zero_grad(set_to_none=True) loss.backward() optimizer.step()

    
  
    
      --- 8. Generation with a user prompt ---

      def complete(prompt: str, max_new_tokens: int = 300, temperature: float = 0.8, top_k: int = None) -> str: ids = [stoi[c] for c in prompt if c in stoi] if not ids: ids = [0] idx = torch.tensor([ids], dtype=torch.long, device=DEVICE) out = model.generate(idx, max_new_tokens=max_new_tokens, temperature=temperature, top_k=top_k) return decode(out[0].tolist())

      def chat_loop(): model.eval() print("\n--- interactive mode (Ctrl-C or empty line + EOF to quit) ---") while True: try: prompt = input("\nprompt> ") except (EOFError, KeyboardInterrupt): print() break if not prompt: continue print(complete(prompt, max_new_tokens=300, temperature=0.8, top_k=40))

      print("\n--- sample (empty prompt) ---") print(complete("", max_new_tokens=300))

      chat_loop() `

      What you'll see

      Running on Shakespeare for ~3 minutes on CPU:

      ` Parameters: 51,393 step     0  train 4.234  val 4.235 step   500  train 2.512  val 2.531 step  2999  train 1.785  val 1.886

      prompt> ROMEO: ROMEO: What art thou speak the heart and to me speech, That ever the world the seem of his soul. `

      It won't be Shakespeare — it's 50k parameters. But notice:

      • Words are mostly word-shaped (vowels and consonants alternate).

      • Capitalization roughly works.

      • The NAME: / NAME. play structure appears.

      • Punctuation lands in plausible positions.

      The model learned all of this just from next-character prediction. No grammar rules, no dictionary, no human telling it what a name looks like.

    
  
    
      39. Exercises with walkthroughs

      Exercise 1 — Scale up

      Bump N_EMBED=128, N_LAYER=6, N_HEAD=8, BLOCK_SIZE=128, STEPS=10000. Param count jumps to ~500k; training takes ~20 minutes on CPU (~2 minutes on GPU).

      You'll see val loss drop from ~1.9 to ~1.5. Output quality crosses a threshold — most words become real, sentences become grammatical.

      Exercise 2 — Visualize attention

      Modify Head.forward to save the attention weights to self.last_weights. After training, run a forward pass on a fixed input and plot model.blocks[0].attn.heads[0].last_weights[0] as a heatmap.

      You'll see a lower-triangular matrix (causal mask) with various patterns: diagonal stripes (look-at-previous-token), vertical stripes (a particular token is highly relevant), and broader spreads. Try to identify what each head specializes in.

      Exercise 3 — Top-k sampling comparison

      The PoC includes top_k. Generate 200 tokens with:

      • temperature=0.1, top_k=None — likely repetitive.

      • temperature=1.0, top_k=None — varied but possibly off-the-rails.

      • temperature=1.0, top_k=10 — varied but still constrained.

      • temperature=2.0, top_k=10 — see how top_k rescues high temperature.

      Exercise 4 — Switch the dataset

      Train on Python source code, JSON logs, song lyrics, your own writing. Notice how the patterns change. JSON-trained models output mostly-well-formed JSON. Python-trained models indent consistently.

      Exercise 5 — Count parameters by component

      python total = 0 for name, p in model.named_parameters(): print(f"{name:40s} {tuple(p.shape)}  {p.numel():>7,}") total += p.numel() print(f"\nTotal: {total:,}") 

      Confirm that ~⅔ of parameters live in MLPs, as predicted.

      Exercise 6 — Implement BPE tokenization

      Replace character-level with BPE (use tiktoken or implement from scratch). With ~5k tokens instead of ~65, each prediction is "the next subword" not "the next letter." Quality jumps dramatically per parameter.

      Exercise 7 — Add RoPE

      Replace learned pos_emb with rotary positional embeddings. Notice the model can now generalize to longer sequences than BLOCK_SIZE.

      Exercise 8 — KV cache

      Add a generate_cached method that maintains K and V caches across token generation steps. Time the speedup vs the naive generate — it should be ~BLOCK_SIZE× faster on long generations.

    
  
    
      40. Where to go next

      You have a working mental model and a runnable example. From here:

      Code

      • nanoGPT by Karpathy — a polished version of the above, scaled to GPT-2.

      • minGPT — even smaller pedagogical implementation.

      • llama.c by Karpathy — Llama-2 inference in pure C.

      • picoGPT — GPT-2 inference in 60 lines of NumPy.

      Talks & courses

      • Karpathy's "Let's build GPT" — 2-hour walkthrough, foundational.

      • Karpathy's "Zero to Hero" series — micrograd up through GPT.

      • 3Blue1Brown's "Neural Networks" chapters on Transformers — visual.

      • fast.ai practical deep learning — broad foundation.

      Papers

      • Attention Is All You Need (Vaswani et al., 2017) — original Transformer.

      • Language Models are Few-Shot Learners (Brown et al., 2020) — GPT-3.

      • Training Compute-Optimal Large Language Models (Hoffmann et al., 2022) — Chinchilla.

      • LoRA (Hu et al., 2021).

      • FlashAttention (Dao et al., 2022).

      • The Annotated Transformer (Harvard NLP) — the Transformer paper, line-by-line.

      • The Illustrated Transformer (Jay Alammar) — beautiful visualizations.

      Interpretability

      • A Mathematical Framework for Transformer Circuits (Anthropic).

      • In-Context Learning and Induction Heads (Anthropic).

      • Toy Models of Superposition (Anthropic).

      • Scaling Monosemanticity (Anthropic, 2024).

      Practitioner reading

      • The Llama-3 Technical Report — modern training pipeline in detail.

      • The DeepSeek-V3 Report — frontier MoE training.

      • The OLMo papers — fully open frontier models.

      Carry this mental model with you:

      > An LLM is a frozen function (token_sequence) → next_token_distribution, trained on internet-scale next-token prediction, then aligned to behave like an assistant. It has no memory between calls, no world model beyond its weights, and no ability to verify its own outputs. Everything else — chat history, tools, retrieval, agents — is scaffolding you build around that function.

      Once you internalize this, most production LLM design choices become obvious. You're not talking to an entity — you're calling a function in a loop, and the art is in shaping its inputs so the outputs are useful.

      That's the whole thing. Everything else is engineering.

      ---

    
  
    
      Glossary

      Activation. Intermediate value computed during a forward pass. Different every call. Contrast with parameter.

      Adapter. A small inserted module trained while the base model is frozen. See LoRA.

      Agent. An LLM running in a loop, calling tools, working toward a goal.

      ALiBi. Attention with Linear Biases — a position encoding scheme that biases attention scores by relative distance.

      Attention. Mechanism that lets a token aggregate information from other tokens, weighted by relevance.

      Autoregressive. Generates one token at a time, conditioning on previously generated tokens.

      bf16 / fp16. 16-bit floating point formats. bf16 has wider range, fp16 has more precision.

      BPE. Byte-Pair Encoding. Subword tokenization by frequency-based pair merging.

      Causal mask. Triangular mask that prevents tokens from attending to future positions.

      Chain-of-thought (CoT). Prompting (or training) the model to externalize reasoning steps before the answer.

      Chinchilla. 2022 paper showing tokens ≈ 20× parameters for compute-optimal training.

      Constitutional AI. Anthropic technique: train the model to critique itself against written principles, then learn from the critique.

      Context window. Max tokens the model can attend to in one call.

      Cross-entropy loss. Standard loss for next-token prediction: -log P(correct token).

      Decoder-only. Transformer flavor with causal masking — generates text. GPT, Claude, Llama.

      Distillation. Train a smaller "student" to imitate a larger "teacher."

      DPO. Direct Preference Optimization. Skips the reward model in RLHF; trains directly on preferences.

      Embedding. Vector representation of a token (or sometimes a sentence/document).

      Emergent capability. A capability that appears suddenly past some scale threshold.

      Encoder. Transformer flavor with bidirectional attention — produces representations. BERT.

      FlashAttention. Tiled attention implementation that's faster but mathematically identical.

      Function calling. Protocol for LLMs to emit structured tool invocations.

      GQA. Grouped-Query Attention. Heads share K/V in groups; balances quality and KV cache size.

      Hallucination. Confident, fluent, but false output.

      Head (attention). One parallel attention computation. Models have many.

      In-context learning. Adapting to new tasks from examples in the prompt, no weight updates.

      Induction head. Attention head circuit that copies from prior similar context — basis of in-context learning.

      KV cache. Cached K and V tensors from prior tokens, reused during autoregressive generation.

      LayerNorm / RMSNorm. Normalization applied to each token vector. Essential for stable training.

      Logits. Pre-softmax output of the model — unnormalized scores per vocabulary token.

      LoRA. Low-Rank Adaptation. Parameter-efficient fine-tuning via small low-rank matrices.

      MLP. Multi-Layer Perceptron — the feed-forward network in each Transformer block. Holds most of the model's parameters and knowledge.

      MoE. Mixture of Experts. Route each token to a subset of parallel sub-networks.

      MQA. Multi-Query Attention. All heads share one K/V — minimal cache, minor quality loss.

      Parameter. A learned floating-point number stored in the model. "70B model" = 70 billion parameters.

      Perplexity. exp(loss) — geometric mean of 1 / P(correct token). Lower is better.

      Position encoding. How token order is injected into the model. RoPE is the modern default.

      Pretraining. Initial training on a large corpus with next-token prediction.

      Prompt injection. Adversarial input that hijacks an LLM's instructions.

      Quantization. Storing weights at reduced precision (int8, int4) for smaller / faster models.

      RAG. Retrieval-Augmented Generation. Fetch relevant docs at query time and stuff them into the context.

      Residual stream. The x in x = x + sublayer(x) — information flows down it through every block.

      RLHF. Reinforcement Learning from Human Feedback. Post-training via human preference rankings.

      RoPE. Rotary Position Embedding. Rotates Q/K vectors by position-dependent angles.

      SFT. Supervised Fine-Tuning. Stage between pretraining and RLHF.

      Self-supervised learning. Training where labels are derived from the data itself (next-token prediction).

      Softmax. Function turning logits into a probability distribution.

      Sparse autoencoder (SAE). Trained on residual streams to extract human-interpretable features.

      Speculative decoding. Inference acceleration: small model proposes tokens, big model verifies in parallel.

      Subword tokenization. Splitting text into pieces between characters and words. Includes BPE, WordPiece, Unigram.

      Superposition. Phenomenon where neurons encode multiple concepts via linear combinations.

      Temperature. Sampling parameter. T<1 confident, T>1 random, T=0 greedy.

      Token. A unit of text the model operates on. Usually a subword piece.

      Tokenizer. Component that converts text ↔ token IDs. Frozen at training time.

      Top-k / top-p (nucleus). Sampling strategies that restrict the set of candidate tokens.

      Transformer. Architecture of (almost) every modern LLM. Stack of attention + MLP blocks with residuals.

      Vocabulary. The set of tokens the model knows. Typically 32k–200k entries.

      ZeRO / FSDP. Memory-efficient distributed training: shard params/grads/optim states across GPUs.
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