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A friendly route from raw web pages to token batches, attention, residual streams, training runs, inference, and finally Kimi K3.



Before we begin

The fastest way to make Transformers feel mysterious is to introduce every moving part at once.

A typical diagram shows embeddings, positional encodings, query-key-value projections, multiple attention heads, normalization, residual connections, feed-forward layers, logits, and softmax. Each label is individually understandable. The whole diagram still feels like a machine dropped out of the sky.

We will assemble that machine in the opposite direction. We will begin with the job it must do:


Given the tokens so far, assign a probability to every token that could come next.



Then we will add only the machinery needed to do that job better:


	Data curation turns raw sources into a collection of usable documents.

	Tokenization turns those documents into a finite alphabet of integer IDs.

	Batching packs the IDs into fixed-size rectangles with shifted targets.

	Embeddings turn IDs into vectors the network can work with.

	Attention lets each token retrieve useful information from earlier tokens.

	A feed-forward network lets each token transform the information it has gathered.

	Residual connections preserve a clean route through a deep stack.

	Normalization keeps the scale of the numbers manageable.

	Repeating that block builds a Transformer.

	Training adjusts its weights to make the observed next token more likely.

	Inference samples one token, appends it, and repeats.



That is the machine. Modern architectures change the details, scale, and efficiency, but they do not discard this foundation.

Who this is for

This is not written on the assumption that you have never trained a model. The expected reader already knows the broad ideas behind supervised learning, gradient descent, linear layers, activations, and train-versus-inference.

The goal is to connect familiar machinery into a much sharper model of a Transformer:


	how a tokenizer’s vocabulary is actually learned from corpus statistics;

	how crawled web pages become cleaned documents, token streams, and batches;

	why token IDs become vectors and then split into query, key, and value roles;

	why attention and the MLP divide token mixing from feature mixing;

	why the residual stream is more than a skip-connection footnote;

	why normalization is placed where it is;

	how causal training creates a target at every position without leaking answers;

	what prefill, decode, and the KV cache really reuse;

	exactly which parts Kimi K3 replaces and which parts remain.



Foundational derivations remain because they make the guide self-contained and useful in audio. They are labeled so an ML-literate reader can skip them without losing the thread.

The fast path

If the material is familiar, use this route:


	Read Practical bridge: before tokens for the data-to-batch pipeline; it supplies the concrete layer missing from many architecture explanations.

	In Chapter 1, skip the basic “text needs symbols” setup but read How byte-pair encoding learns the vocabulary.

	In Chapter 2, skim the embedding lookup and read Position has to enter too.

	In Chapter 3, skim softmax and cross-entropy, then read Every position becomes a supervised example.

	Chapter 4 is a compact neural-network refresher; jump to Parameters are adjustable knobs or skip to Chapter 5.

	Do not skip Chapters 5 through 13. They contain the Transformer-specific intuition and the bridge to Kimi K3.

	Chapter 14 is the code-level consolidation.



How to use this guide

This is designed to survive conversion into an EPUB, a standalone HTML page, or an audio script:


	Every equation is followed by a plain-language reading.

	Every image has a descriptive caption.

	The prose does not depend on interactive diagrams or collapsed sections.

	Code samples are followed by a spoken-language walkthrough.

	Quiz answers appear after each checkpoint, so the questions still work on a Kindle.

	Timestamp links jump to the relevant moment in Andrej Karpathy’s video.

	“Practice lens” passages connect the theory to artifacts a practitioner can inspect without turning the guide into a setup manual.



If you want a quick first pass, read the prose and skip the indented derivations and code. On a second pass, work the examples with pencil and paper.

About the Karpathy transcript sections

Andrej Karpathy’s video description explicitly permits free educational and individual-learning use, while prohibiting commercial resale, external commercial use, and modification that misrepresents the content. The transcript passages below come from the video’s English captions. They are lightly edited for punctuation, capitalization, obvious speech-recognition errors, and repeated false starts. They are not an official transcript.

The full video is Deep Dive into LLMs like ChatGPT.



0. The whole model in one picture

Before examining any part, hold this small pipeline in your head:

text
  ↓ tokenize
token IDs
  ↓ embedding lookup + position information
vectors, one per token
  ↓ Transformer block × many
context-aware vectors
  ↓ vocabulary projection
one score ("logit") per possible next token
  ↓ softmax
probabilities
  ↓ sample or choose
next token


[image: The tensor shape changes from token IDs to embeddings, remains stable through the Transformer blocks, and expands to one logit per vocabulary entry]

The same model viewed only through tensor shapes. During training, all TT positions contribute a prediction. During generation, the sampler reads the VV logits at the final position.

During training, one more arrow runs backward:

correct next token
  ↓ compare with predicted probabilities
loss
  ↓ backpropagation
small updates to every useful weight


An LLM is not searching a hidden collection of finished sentences. It is repeatedly running a learned mathematical function. That function receives token IDs and returns next-token probabilities.

The apparent magic comes from three facts:


	the function has an enormous number of learned parameters;

	it learned from an enormous number of prediction examples;

	predicting the next token well forces it to learn a surprising amount about language, facts, style, reasoning patterns, and the world that produced the text.



We can now build the function.



Practical bridge: before tokens, where does the text come from?

The phrase “trained on the internet” compresses an entire engineering discipline into four words.

The neural network never connects itself to the web and wanders around reading pages. By the time training begins, an upstream data pipeline has already made thousands of decisions about what counts as a document, which documents to keep, how to remove duplicates, which languages to include, how to represent boundaries, and which records belong in validation.

What reaches the model is not “the internet.” It is a versioned training artifact.

Karpathy at 1:11 — the missing first stage

Watch the pretraining-data section beginning at 1:11.

[image: Karpathy shows Hugging Face’s FineWeb article and its URL filtering, text extraction, language filtering, quality filtering, deduplication, and PII-processing pipeline]

At 1:27, Karpathy uses FineWeb to make “download and process the internet” concrete. The small diagram is already a warning that data is manufactured through a pipeline, not discovered in a ready-made training file.

Karpathy’s sequence is worth preserving:


	collect a very large and diverse body of public text;

	remove material that is unusable or outside the intended distribution;

	extract the actual prose from HTML and other containers;

	deduplicate and clean the surviving documents;

	only then decide how to represent the text as tokens.



The FineWeb dataset card is unusually valuable because the dataset and much of its recipe are public. At this guide’s verification date, the card describes more than 18.5 trillion GPT-2 tokens of cleaned, deduplicated English web text derived from Common Crawl. The files total tens of terabytes. The exact totals evolve as bugs are fixed, takedowns are honored, and crawls are added; the approximately 44-terabyte snapshot shown in Karpathy’s talk and the later card need not match.

That mutability is itself practical knowledge:


A dataset name is not enough for reproducibility. Record its configuration, revision, processing code, and split.



Availability is not the same thing as an absence of obligations. FineWeb’s card lists its dataset license and separately points to Common Crawl’s terms. A real project records source provenance, licenses, exclusions, takedown procedures, and privacy limitations alongside the data recipe rather than treating them as a footnote after training.

A web crawl is raw material, not a dataset

Common Crawl operates crawlers and publishes web-archive data. A crawl contains far more than clean prose:


	HTML tags, CSS, JavaScript, menus, cookie banners, and navigation;

	duplicated pages, mirrors, boilerplate, and templated text;

	spam, machine-generated junk, malformed documents, and keyword lists;

	many languages and character encodings;

	email addresses, IP addresses, and other potentially identifying strings;

	pages whose legal, safety, or quality status needs review.



FineWeb’s public recipe, implemented with DataTrove, turns that raw material into documents through stages including:


	URL filtering — reject known malicious, adult, or otherwise excluded domains.

	Text extraction — recover the main readable content from raw HTML rather than training on menus and markup.

	Language identification — FineWeb’s English pipeline keeps documents above a language-score threshold.

	Quality heuristics — remove pathological repetition, list-like pages, strange formatting, and other low-quality patterns.

	MinHash deduplication — detect near-duplicate documents without comparing every pair directly.

	PII formatting — anonymize certain email and public-IP patterns.



[image: An illustrated refinery turns messy web pages into cleaned documents, subword tiles, and packed training batches]

Conceptual illustration. Each filter changes the distribution that the eventual model experiences. Material falling out of the pipeline is not merely storage saved; it is behavior the model receives fewer opportunities to learn.

These are modeling choices disguised as preprocessing choices.

If the language filter removes most Spanish, the model receives less Spanish practice. If deduplication removes repeated boilerplate, common templates exert less influence. If a quality classifier equates “good prose” with one narrow style, it can erase dialects or domains that do not resemble the reference data. If code is scarce, code ability will be scarce unless another source is mixed in.

Large training corpora are therefore usually mixtures, not one monolithic scrape. A recipe may combine web text with code, books, papers, reference material, conversations, mathematics, or synthetic examples, giving each source a sampling weight. Dataset composition is one of the model’s implicit curricula.

What one FineWeb record looks like

Watch Karpathy inspect the released records beginning at 6:08.

[image: The FineWeb dataset viewer shows rows with cleaned text and provenance fields such as an ID, Common Crawl dump, and source URL]

At 6:16, the abstraction becomes a table. One row is one cleaned document plus provenance and processing metadata—not a ready-made token batch.

A FineWeb row can include fields such as:


	text — extracted document text;

	id — a document identifier;

	dump — the Common Crawl snapshot it came from;

	url and date — source provenance;

	language and language_score;

	token_count — a length estimate under a specified tokenizer.



You can inspect a few rows without downloading the whole corpus by using Hugging Face’s documented streaming mode:

from datasets import load_dataset

documents = load_dataset(
    "HuggingFaceFW/fineweb",
    name="CC-MAIN-2024-10",
    split="train",
    streaming=True,
)

for row in documents.take(3):
    print(row["url"])
    print(row["text"][:500])
    print("---")


The important act is not running these exact lines. It is looking at real examples. Dataset summaries can sound pristine while rows reveal navigation remnants, broken formatting, surprising genres, duplicates, or domain imbalance.

Streaming is excellent for inspection and some pipelines. A high-throughput training run often prepares local, sharded, pretokenized files so workers can read sequentially without repeatedly performing network requests and tokenization.

Documents become one-dimensional token streams

Watch the “massive tapestry of text” segment beginning at 7:03.

[image: Karpathy concatenates cleaned web documents into a huge tapestry of raw text before tokenization]

At 7:22, hundreds of documents have visually become one long stream. This is the conceptual handoff from dataset engineering to tokenization.

There are still choices at that boundary:


	Add an end-of-document token, such as <EOD>, so the model can learn that one source ended and another began.

	Split training and validation at the document level before packing, so fragments of one document do not leak into both.

	Tokenize each document with a frozen tokenizer.

	Pack tokens into fixed-length rows to avoid wasting compute on padding.

	Shuffle documents or shards well enough that adjacent batches are not all from one site or topic.

	Decide whether attention may cross document boundaries inside a packed row.



[image: Cleaned documents are split, marked with end-of-document tokens, packed into fixed-length rows, and shifted to make inputs and targets]

The data loader’s output is a rectangle of integer IDs. Shifting that rectangle by one position produces the targets for next-token prediction.

The full route now looks like this:

web archives and other sources
    ↓ extract, filter, deduplicate, mix
clean documents + provenance
    ↓ split by document
train documents / validation documents
    ↓ frozen tokenizer
token IDs + end-of-document markers
    ↓ shuffle and pack
[batch, time] integer tensors
    ↓ shift one position
inputs and next-token targets


The model’s first matrix multiplication happens only after all of this.

What a practitioner can actually inspect

Even without training a large model, the pipeline leaves tangible artifacts:


	a manifest naming dataset sources, revisions, and mixture weights;

	raw or cleaned document shards, often JSONL or Parquet;

	filtering statistics showing how much each stage removed;

	duplicate clusters or exclusion logs;

	tokenizer vocabulary and merge files;

	pretokenized train and validation shards;

	a data-loader configuration describing context length, shuffle seed, and packing.



That is the practical layer to remember: every theoretical noun eventually becomes either a file, a tensor, a metric, or a repeatable operation.

Data checkpoint

1. Why is “trained on the internet” an incomplete description?


	A. Models can train only on books.

	B. Crawled pages are extracted, filtered, deduplicated, mixed, split, tokenized, and packed before the model sees them.

	C. The tokenizer downloads pages during inference.

	D. Attention removes HTML.



2. Why split validation documents before packing token windows?


	A. To prevent pieces of the same document from leaking across train and validation.

	B. To make token IDs smaller.

	C. To avoid using softmax.

	D. To create more attention heads.



3. What does the model finally receive from the data pipeline?


	A. A browser

	B. A directory of HTML pages

	C. Fixed-shape tensors of token IDs and shifted targets

	D. A search engine



Answers: 1-B. The corpus is an engineered artifact. 2-A. Document-level separation produces a more honest held-out distribution. 3-C. The network operates on integer tensors, not dataset webpages.



1. Tokenization is a learned compression scheme


Skippable setup: If token IDs and vocabulary-size tradeoffs are already familiar, jump to How byte-pair encoding learns the vocabulary. That is where the non-obvious part begins.



Computers do not begin with words

Suppose the prompt is:


The cat sat.



A neural network cannot directly multiply the concept of “cat” by a matrix. It needs numbers.

The most literal representation would be bits: a long sequence of zeros and ones. That alphabet is tiny—only two possible symbols—but the sequence becomes needlessly long. At the opposite extreme, we could assign a unique ID to every sentence ever written. The sequences would be short, but the alphabet would be absurdly large and unable to handle new sentences.

A tokenizer chooses a useful middle ground. Its vocabulary contains pieces of text such as:


	whole common words;

	word fragments;

	spaces joined to words;

	punctuation;

	bytes for text it cannot represent more directly.



Each piece gets an integer ID. The exact IDs are arbitrary labels. Token 15339 is not mathematically “more hello” than token 1917.

The vocabulary-size tradeoff

There are two competing costs:


	A small vocabulary needs longer token sequences.

	A large vocabulary needs a larger embedding table and output layer, and rare entries receive fewer learning examples.



Modern tokenizers usually learn a vocabulary by repeatedly merging common adjacent byte or character patterns. Common text becomes compact; unusual text can still be represented through smaller pieces.

This explains several odd behaviors:


	A leading space can change the token.

	hello, Hello, and HELLO can split differently.

	A rare surname may consume several tokens.

	Code, numbers, and non-English text can have very different token efficiency.

	The model “sees” token pieces, not the characters exactly as your eyes do.



How byte-pair encoding learns the vocabulary

There are two distinct operations that are often blurred together:


	Tokenizer training: inspect a representative text corpus and decide which byte sequences deserve vocabulary entries.

	Encoding: use that frozen vocabulary and merge order to turn a new string into token IDs.



Tokenizer training happens before language-model training. It does not use backpropagation. It is a corpus-statistics and compression procedure.

A byte-level BPE trainer begins with 256 base symbols, one for each possible byte. This guarantees that any UTF-8 text can be represented. It then repeats:


	count adjacent symbol pairs across the training corpus;

	find the most frequent pair;

	create a new symbol representing that pair;

	replace occurrences of the pair;

	repeat until the vocabulary reaches its target size.



The learned object is not just a bag of substrings. It is an ordered merge table. Earlier merges have higher priority because later symbols may be built from them.

A tiny merge trace

Imagine a corpus whose distribution contains:

" the"      1,000 times
" there"      200 times
" theory"     100 times


At byte level, those strings begin approximately as:

" the"     → [" ", "t", "h", "e"]
" there"   → [" ", "t", "h", "e", "r", "e"]
" theory"  → [" ", "t", "h", "e", "o", "r", "y"]


Across this deliberately simple corpus:


	the pair (" ", "t") appears 1,300 times;

	after merging it into " t", the pair (" t", "h") appears 1,300 times;

	after that merge, (" th", "e") appears 1,300 times.



Three merges have created the common token " the".

The remaining suffix distributions can produce tokens such as "re" or "ory" if they occur often enough. The algorithm does not know what a word or morpheme is. Word-like and subword-like units emerge because repeated linguistic chunks compress the corpus well.

This also explains why a space often belongs to the following word. In English text, " the" is a more stable repeated unit than bare "the" in all positions. The tokenizer can learn separate entries for " the", "the", and "The".

Real GPT tokenizers add important details:


	UTF-8 text becomes bytes, so the base vocabulary can represent anything.

	A regular-expression pre-tokenization step constrains which regions can merge.

	Special control tokens are reserved explicitly.

	The target vocabulary size is chosen in advance.

	The final mapping assigns each learned symbol a token ID and merge rank.



Other tokenizer families exist. SentencePiece can implement BPE or a Unigram language-model tokenizer. The universal point is that the vocabulary is engineered or learned from a data distribution; it is not a natural list of English words.

Training BPE in a few lines

This is a deliberately stripped-down byte-level trainer. Production tokenizers handle corpus scale, pre-tokenization, special tokens, merge ranks, serialization, and fast encoding.

from collections import Counter


def merge_pair(sequence, pair, new_symbol):
    merged = []
    index = 0

    while index < len(sequence):
        if (
            index + 1 < len(sequence)
            and (sequence[index], sequence[index + 1]) == pair
        ):
            merged.append(new_symbol)
            index += 2
        else:
            merged.append(sequence[index])
            index += 1

    return merged


def train_byte_bpe(texts, number_of_merges):
    # IDs 0–255 are the original byte values.
    corpus = [list(text.encode("utf-8")) for text in texts]
    merge_table = []

    for step in range(number_of_merges):
        counts = Counter(
            pair
            for sequence in corpus
            for pair in zip(sequence, sequence[1:])
        )

        if not counts:
            break

        best_pair, frequency = counts.most_common(1)[0]
        new_symbol = 256 + step

        corpus = [
            merge_pair(sequence, best_pair, new_symbol)
            for sequence in corpus
        ]
        merge_table.append(
            {
                "pair": best_pair,
                "new_symbol": new_symbol,
                "training_frequency": frequency,
            }
        )

    return merge_table


To encode a new string, start with its bytes and apply eligible learned merges according to the stored priority. The result is a sequence of vocabulary symbols, which are then mapped to token IDs.

This code reveals the central intuition:


A BPE vocabulary is a hierarchical dictionary of frequently recurring byte sequences.




Practice lens — what tokenizer training leaves behind

A trained tokenizer is a small model artifact of its own. In a BPE system, the durable pieces are usually a mapping from token bytes to IDs, an ordered merge table, special-token definitions, and normalization or pre-tokenization rules. Save them with the language-model checkpoint. The integer 15339 is meaningful only relative to that exact tokenizer.

Practitioners test more than “does it round-trip?” They measure tokens per byte or characters per token on held-out domains, inspect how names, numbers, code, whitespace, and multiple languages split, and look for pathological cases. A tokenizer can compress the average English article well while fragmenting the domain you actually care about.



Why tokenizer quality changes model quality

Tokenization is not neutral preprocessing.

If a concept or syntax pattern is split into many awkward fragments:


	it consumes more context positions;

	attention and MLP computation run on more tokens;

	long-range relationships span more steps;

	the model must learn to reconstruct a useful unit internally.



If the vocabulary is too large:


	the embedding and vocabulary-projection matrices grow;

	softmax must score more entries;

	rare tokens receive weak statistical support;

	parameters are spent on brittle chunks.



Tokenizer design therefore trades sequence length against vocabulary width. It also distributes modeling capacity unevenly across languages, code styles, number formats, and domains according to the corpus used to train it.

Changing a pretrained model’s tokenizer is difficult because token IDs index the embedding and output matrices. A new vocabulary changes the model’s input and output interface, not just a text-processing utility.

Karpathy at 12:31 — seeing the pieces

Watch the segment beginning at 12:31.

[image: Karpathy demonstrates that “hello world” becomes two token IDs in Tiktokenizer]

At 12:55, hello world has become two vocabulary entries with IDs 15339 and 1917. The colored spans show the text owned by each token.

Lightly cleaned transcript, 12:31–13:48


Here on the left, you can put in text, and it shows you the tokenization of that text. For example, “hello world” turns out to be exactly two tokens: the token hello, which has ID 15339, and the token  world, which has ID 1917.

If I join these, I again get two tokens, but it is a different tokenization. If I put two spaces between “hello” and “world,” it is again a different tokenization; there is a new token, 220, here. Also keep in mind that this is case-sensitive. If this is a capital H, it is something else. You can play with this and get an intuitive sense of how these tokens work.



The important lesson is not the particular IDs. It is that tokenization is the model’s sensory boundary. Everything after this point operates on the resulting sequence of symbols.

A useful correction

People often say that a model “reads words.” That is close enough for casual conversation but wrong enough to cause confusion later.

A more accurate sentence is:


The model receives token IDs, looks up a vector for each ID, and learns patterns over those vectors.





2. An embedding turns an ID into a vector


Skimmable refresher: The lookup-table idea is standard. The important bridge is that this tensor becomes the residual stream, and that position information must make identical tokens behave differently at different locations.



An ID is only a label

Token IDs do not contain useful geometry. If the IDs for cat, dog, and democracy happened to be 40, 900, and 901, that would not make dog more similar to democracy than to cat.

The model therefore owns an embedding table:

E∈RV×dE \in \mathbb{R}^{V \times d}


Read this as: a table with VV rows, one for every vocabulary token, and dd columns, one for every feature in the model’s internal vector space.

If token ID tt appears, the model retrieves row EtE_t:

x=Etx = E_t


This is a lookup, not a calculation based on the numeric size of tt.

Imagine a toy vocabulary of six tokens and an embedding width of four:

token       ID       learned vector
---------------------------------------------
the          0       [ 0.2, -0.1,  0.7,  0.3]
cat          1       [ 0.9,  0.4, -0.2,  0.1]
dog          2       [ 0.8,  0.5, -0.1,  0.0]
sat          3       [-0.3,  0.8,  0.2,  0.5]
on           4       [ 0.1, -0.2,  0.4,  0.6]
mat          5       [ 0.7,  0.2, -0.3,  0.2]


We did not hand-design these meanings. Training gradually moves the rows to places that help prediction. Tokens used in related contexts often develop related directions, but an individual coordinate rarely has a clean English label.

What a vector means

A vector is just an ordered list of numbers. The useful mental model is a bundle of features.

Some directions can correspond—loosely and in combination—to properties such as:


	noun-like versus verb-like;

	singular versus plural;

	person versus location;

	source-code punctuation;

	the tone or topic of the surrounding text.



Do not imagine one neuron labeled is_a_cat. Representations are distributed. Meaning usually lives in patterns across many coordinates and many layers.

Position has to enter too

The sequences:


dog bites person



and


person bites dog



contain the same tokens but mean different things. A model needs information about order.

GPT-2 adds a learned position vector PiP_i to each token embedding:

xi=Eti+Pix_i = E_{t_i} + P_i


Read this as: the starting representation at position ii says both which token this is and where it appears.

Many newer models use rotary position embeddings, or RoPE, which encode relative position inside attention rather than simply adding a position vector at the entrance. Kimi K3 goes further: its KDA layers are inherently position- and recency-sensitive, while its periodic MLA layers use no explicit positional encoding. Those details matter later. The foundational need is unchanged: the network must distinguish order somehow.

The first tiny piece of code

import torch
import torch.nn as nn

vocab_size = 50_000
width = 768
max_context = 1_024

token_embedding = nn.Embedding(vocab_size, width)
position_embedding = nn.Embedding(max_context, width)

token_ids = torch.tensor([[10, 42, 99, 7]])  # shape: [batch=1, time=4]
positions = torch.arange(4)                   # shape: [time=4]

x = token_embedding(token_ids) + position_embedding(positions)
print(x.shape)  # [1, 4, 768]


In spoken language: four token IDs enter. Each becomes a vector of 768 numbers. Four position vectors are added. The result is a stack of four vectors, with shape:

one sequence × four positions × 768 features


That tensor xx is what the first Transformer block receives.


Practice lens — embeddings have a visible budget

With a 50,000-token vocabulary and width 768, the token table contains 50,000×768=38.450{,}000 \times 768 = 38.4 million parameters. Stored in 16-bit form, those values alone occupy about 76.8 MB before optimizer state or gradients. An untied vocabulary-output matrix would add another table of similar size.

This is why vocabulary size is not a free tokenizer setting. It changes sequence lengths, but it also changes parameter count, checkpoint size, and the cost of scoring the vocabulary. In code, print token_embedding.weight.shape and count its elements; the abstract V×dV \times d immediately becomes an object with a storage cost.





3. The job: predict the next token


Skimmable refresher: If logits, softmax, and cross-entropy are familiar, focus on how one causal sequence supplies a target at every position and how the vocabulary projection closes the model’s input/output loop.



Input and output before internals

Karpathy makes a very useful pedagogical choice: before opening the neural network, he defines its contract.

Watch the network input/output explanation beginning at 16:40.

[image: A four-token context enters a neural network and produces probabilities for all 100,277 possible next tokens]

At 17:30, four token IDs form the context. The network’s output has one probability for every vocabulary entry.

Lightly cleaned transcript, 16:40–17:45


We take a window of four tokens, just so everything fits nicely. These four tokens are the context, and they feed into a neural network. This is the input to the neural network.

I am going to go into the detail of what is inside this neural network in a little bit. For now, what is important to understand is the input and the output. The inputs are sequences of tokens of variable length, anywhere between zero and some maximum size. The output is a prediction for what comes next.

Because our vocabulary has 100,277 possible tokens, the neural network is going to output exactly that many numbers. All of those numbers correspond to the probability of that token coming next in the sequence.



The model does this at every position during training. Given:

The | cat | sat | on | the | mat


one training window provides several prediction examples at once:

context                    target
------------------------------------------------
The                        cat
The cat                    sat
The cat sat                on
The cat sat on             the
The cat sat on the         mat


A causal mask prevents each position from seeing its own target or anything after it. The GPU can still process all positions in parallel.

Every position becomes a supervised example

This training arrangement is a form of teacher forcing. The input at position ii is the real prefix from the dataset, not a prefix corrupted by the model’s own earlier samples.

For a sequence of length TT, one forward pass can produce T−1T-1 next-token losses:

L=−1T−1∑i=1T−1log⁡p(ti+1∣t≤i)L
=
-\frac{1}{T-1}
\sum_{i=1}^{T-1}
\log
p(t_{i+1}\mid t_{\le i})


The causal mask makes the computation honest, while matrix operations make it parallel.

This resolves an apparent contradiction:


	Generation is sequential because the next sampled token does not exist until the previous step finishes.

	Training within a known sequence is parallel because every true token is already available as a label, and masking enforces which prefixes each position may use.



The model is trained on clean ground-truth prefixes but deployed on prefixes containing its own choices. That mismatch is one reason a small early generation error can push later text into a different region of the distribution.


Practice lens — count tokens, not just batches

If one device processes BB rows of length TT, one micro-batch contains B×TB \times T token positions. With DD devices and GG gradient-accumulation steps, one optimizer update covers roughly:

B×T×D×GB \times T \times D \times G


tokens. This is the number behind phrases such as “one million tokens per update.” Batch size alone is ambiguous unless context length, devices, and accumulation are also known.



Logits come before probabilities

The final vector at each position is projected into one raw score per vocabulary token:

z=hWU+bUz = hW_U + b_U


Here:


	hh is the final hidden vector for the current position;

	WUW_U is sometimes called the unembedding or vocabulary-projection matrix;

	zz is the vector of raw scores, called logits.



From a traditional-ML perspective, the output layer is multinomial logistic regression on top of an extraordinarily learned feature vector. The deep Transformer’s job is to make the relevant next-token evidence linearly readable at the end.

Logits can be positive or negative and do not add to one. Softmax turns them into probabilities:

pi=ezi∑jezjp_i = \frac{e^{z_i}}{\sum_j e^{z_j}}


Read this as:


	exponentiate every score, making each value positive;

	divide by the total;

	the results now sum to one.



For numerical stability, code subtracts the largest logit first. That changes none of the probabilities because it scales the numerator and denominator equally.

A three-token worked example

Pretend the vocabulary contains only:

["cat", "dog", "."]


and the logits are:

[2.0, 1.0, 0.0]


Exponentiating gives approximately:

[7.39, 2.72, 1.00]


The total is 11.1111.11, so the probabilities are:

cat     7.39 / 11.11 ≈ 0.665
dog     2.72 / 11.11 ≈ 0.245
.       1.00 / 11.11 ≈ 0.090


Softmax preserves the ranking but converts it into a distribution.

Loss tells training how surprised the model was

If cat is the correct next token, the model assigned it probability 0.6650.665. Cross-entropy loss for this example is:

L=−log⁡pcorrectL = -\log p_{\text{correct}}


So:

L=−log⁡(0.665)≈0.41L = -\log(0.665) \approx 0.41


If . were correct, the loss would be:

L=−log⁡(0.090)≈2.41L = -\log(0.090) \approx 2.41


Low loss means the observed token received high probability. High loss means the model was surprised.

Training does not directly reward fluent paragraphs, truth, reasoning, or helpfulness. In pretraining, it repeatedly rewards assigning more probability to the tokens that actually followed the context in the dataset. Higher-level abilities emerge because good prediction requires useful internal models of many regularities.

Karpathy at 18:17 — the nudge

Watch the training-update explanation beginning at 18:17.

Lightly cleaned transcript, 18:17–20:09


We sampled this window from the dataset, so we know what comes next. That is the label. We know that token 3962 actually comes next in the sequence.

We have a mathematical process for doing an update to the neural network. We know that this probability—three percent—we want to be higher, and we want the probabilities of the other tokens to be lower. We can calculate how to adjust the network so that the correct answer has a slightly higher probability.

This process happens not just for this token. It happens at the same time for all of these tokens in the dataset. In practice, we sample batches of little windows. At every token, we want to adjust the network so the probability of that token becomes slightly higher.

This is training the neural network: a sequence of updates so its predictions match the statistics of what actually happens in the training set.



Checkpoint 1

1. Why not feed token IDs directly into matrix multiplication as meaningful numbers?


	A. The IDs are encrypted.

	B. Their numeric order is arbitrary and contains no useful similarity geometry.

	C. Matrix multiplication cannot accept integers.

	D. IDs are always larger than the model width.



2. A vocabulary has 50,000 tokens. How many logits does the model produce for one position?


	A. One

	B. The context length

	C. 50,000

	D. The embedding width



3. The model gives the correct next token a probability of 0.8 instead of 0.1. What happens to cross-entropy loss?


	A. It decreases.

	B. It increases.

	C. It stays the same.

	D. It becomes negative.



4. During pretraining, why can one sequence provide many training examples?


	A. Every position predicts its next token under a causal mask.

	B. The tokenizer generates alternative spellings.

	C. Every attention head uses a different label.

	D. The model changes vocabulary at every position.



Answers: 1-B. An ID is a label; the embedding table supplies learned geometry. 2-C. There is one score per possible next token. 3-A. −log⁡(p)-\log(p) gets smaller as pp approaches one. 4-A. The model predicts the next token at every position while the mask blocks future information.



4. What is a neural network made of?


Skippable refresher: This section reconnects linear layers, nonlinearities, parameters, and activations to Transformer terminology. If that vocabulary is already automatic, jump to Chapter 5.



Karpathy calls it a “giant mathematical expression.” That description is both accurate and reassuring.

The expression is built from simple operations:


	looking up rows in tables;

	multiplying vectors and matrices;

	adding numbers;

	applying simple nonlinear functions;

	normalizing;

	taking weighted averages.



The scale is enormous. The primitives are not.

The linear layer: mix the features

The workhorse is:

y=xW+by = xW + b


Suppose:

x=[2,3]x = [2, 3]


and:

W=[142−1],b=[0.5,1]W =
\begin{bmatrix}
1 & 4 \\
2 & -1
\end{bmatrix},
\qquad
b = [0.5, 1]


Then:

y=[2,3][142−1]+[0.5,1]y =
[2,3]
\begin{bmatrix}
1 & 4 \\
2 & -1
\end{bmatrix}
+ [0.5,1]


The two outputs are:

y1=2(1)+3(2)+0.5=8.5y_1 = 2(1) + 3(2) + 0.5 = 8.5


y2=2(4)+3(−1)+1=6y_2 = 2(4) + 3(-1) + 1 = 6


So:

y=[8.5,6]y = [8.5, 6]


Each output coordinate is a learned mixture of the input coordinates.

Why linear layers alone are not enough

If we stack two purely linear transformations:

y=(xW1)W2y = (xW_1)W_2


we can combine the matrices:

y=x(W1W2)y = x(W_1W_2)


No matter how many linear layers we stack, the whole stack collapses into one linear transformation. Depth would buy very little.

A neural network therefore inserts a nonlinear activation:

y=W2 σ(W1x+b1)+b2y = W_2\,\sigma(W_1x + b_1) + b_2


GPT-2 uses GELU, a smooth activation that suppresses some values and passes or reshapes others. Many newer models use gated variants such as SwiGLU. Kimi K3 uses a bounded variant called SiTU-GLU in its routed experts.

The important point is not the brand name of the activation. Nonlinearity lets the network express conditional behavior that cannot collapse into one matrix.

Parameters are adjustable knobs

Every number in WW, bb, the embedding table, and the other learned matrices is a parameter or weight.

At initialization, the parameters are mostly small random values. The network’s predictions are therefore mostly random. Training discovers a configuration that makes better predictions.

Watch Karpathy’s “parameters as knobs” explanation beginning at 20:11.

Lightly cleaned transcript, 20:11–22:17


These inputs are mixed up in a giant mathematical expression together with the parameters, or weights, of the neural network. Here I am showing six example parameters, but modern neural networks have billions of them.

In the beginning, these parameters are completely randomly set. With a random setting, you would expect the network to make random predictions, and it does. Through the process of iteratively updating the network—which we call training—the parameters are adjusted so the outputs become consistent with patterns in the training set.

Think of these parameters as knobs on a DJ set. As you twiddle the knobs, you get different predictions for every possible token-sequence input. Training a neural network means discovering a setting of the parameters that seems consistent with the statistics of the training set.

The expression mixes the inputs with the weights using simple things like multiplication, addition, exponentiation, and division. Neural-network architecture research designs expressions with useful characteristics: they are expressive, optimizable, parallelizable, and so on.



This is a good place to separate three terms:


	Architecture: the blueprint of operations and connections.

	Parameters: the learned numerical settings inside that blueprint.

	Activations: the temporary intermediate numbers produced for one particular input.



Two copies of GPT-2 can have the same architecture and different parameters because they were trained differently. The same trained model has fixed parameters but produces different activations for different prompts.



5. The residual stream: a highway through depth

We now have token vectors and learnable transformations. Why not simply apply one transformation after another?

x → layer 1 → layer 2 → layer 3 → ... → output


Deep networks are difficult to optimize if every layer must completely replace the representation it receives. Useful information and useful gradients have to survive a long chain.

A residual connection creates a direct route around a transformation:

y=x+F(x)y = x + F(x)


Instead of learning a whole new representation from scratch, the sublayer FF can learn a useful change to the existing representation.

The notebook analogy

Imagine the token representation as a page of working notes.


	Attention writes, “The pronoun probably refers to Bob.”

	The feed-forward network writes, “This clause is a request.”

	Later layers add more conclusions.



With a residual connection, a sublayer adds a note to the existing page instead of throwing away the page and returning a replacement.

That does not mean old information is perfectly preserved. Additions can reinforce, rotate, obscure, or cancel earlier features. It means there is an identity path through the stack, and a layer can choose to make a small update.

Why the gradient likes the shortcut

For:

y=x+F(x)y = x + F(x)


the derivative with respect to xx includes an identity term:

∂y∂x=I+∂F∂x\frac{\partial y}{\partial x}
= I + \frac{\partial F}{\partial x}


Even if the derivative through FF becomes awkward, the II path gives learning signals a more direct route backward. This is the central insight of residual networks.

The Transformer has two residual updates per block

A modern pre-normalized block is approximately:

x←x+Attention⁡(Norm⁡(x))x \leftarrow x + \operatorname{Attention}(\operatorname{Norm}(x))


x←x+MLP⁡(Norm⁡(x))x \leftarrow x + \operatorname{MLP}(\operatorname{Norm}(x))


The same residual stream flows through the whole model. Attention and the MLP take turns reading it and writing updates to it.

This yields one of the most helpful Transformer mental models:


The residual stream is the shared workspace. Attention moves information between token positions; the MLP transforms the information at each position.



The workspace is a superposition, not a growing list

The residual stream keeps the same width through the model. A 768-wide GPT-2 block does not append a new 768 features after every sublayer. Every update is added into the same 768-dimensional space.

That forces representations into superposition: many useful features coexist as directions and combinations in one fixed-width vector. A later sublayer can read a direction, strengthen it, suppress it, or use it to write another feature.

This also explains why the output layer can read the final residual stream with one matrix multiplication. The model has spent its depth transforming the shared workspace into a representation from which next-token evidence is linearly accessible.

Residual connections are therefore not only an optimization trick. They define the communication substrate of the network.

There is a loose analogy to additive modeling: each sublayer contributes a correction to an existing representation. Unlike classical stagewise boosting, however, Transformer sublayers are normally optimized jointly end to end.



6. Normalization: keep the workspace numerically healthy

If every layer keeps adding updates, the scale of the residual stream can drift. One coordinate might sit around 0.010.01, another around 500500, and the distributions can change as training proceeds. That makes optimization brittle.

Layer normalization rescales the features for one token.

Given a vector xx of width dd, compute its mean:

μ=1d∑i=1dxi\mu = \frac{1}{d}\sum_{i=1}^{d}x_i


and variance:

σ2=1d∑i=1d(xi−μ)2\sigma^2 = \frac{1}{d}\sum_{i=1}^{d}(x_i-\mu)^2


Then normalize and apply learned scale and shift:

LayerNorm⁡(x)i=γixi−μσ2+ϵ+βi\operatorname{LayerNorm}(x)_i
=
\gamma_i
\frac{x_i-\mu}{\sqrt{\sigma^2+\epsilon}}
+\beta_i


Read it in four steps:


	subtract the vector’s average;

	divide by its typical scale;

	multiply by a learned per-feature gain γ\gamma;

	add a learned per-feature bias β\beta.



The small ϵ\epsilon prevents division by zero.

A four-number example

Take:

x=[1,2,3,4]x = [1, 2, 3, 4]


The mean is 2.52.5. The centered vector is:

[−1.5,−0.5,0.5,1.5][-1.5, -0.5, 0.5, 1.5]


The variance is:

2.25+0.25+0.25+2.254=1.25\frac{2.25 + 0.25 + 0.25 + 2.25}{4} = 1.25


The standard deviation is approximately 1.1181.118. Ignoring learned γ\gamma and β\beta, the normalized vector is approximately:

[−1.34,−0.45,0.45,1.34][-1.34, -0.45, 0.45, 1.34]


The relative pattern remains, but the scale becomes predictable.

LayerNorm does not erase meaning

Normalization sounds destructive until you notice two things:


	it preserves the direction-like pattern across features;

	learned gain and bias let the model restore useful feature-specific scale and offset.



It is closer to adjusting the input level before an audio effect than replacing the music.

Pre-norm and post-norm

The original 2017 Transformer applied normalization after the residual addition:

x←Norm⁡(x+F(x))x \leftarrow \operatorname{Norm}(x + F(x))


GPT-2 and many modern decoder models use a pre-normalized arrangement:

x←x+F(Norm⁡(x))x \leftarrow x + F(\operatorname{Norm}(x))


Pre-norm leaves a particularly clean identity path along the residual stream and usually makes very deep models easier to train.

Notice that pre-norm does not normalize away every residual addition. It normalizes the input presented to each branch while the main stream itself carries the accumulated result. A final normalization before the vocabulary projection controls the scale seen by the output layer.

Post-norm and pre-norm have different optimization and representation tradeoffs; pre-norm is not a mathematical requirement for a Transformer. It is the arrangement used by GPT-2 and a common modern default because of its training stability.

Many modern models use RMSNorm, which rescales using root mean square but does not subtract the mean:

RMSNorm⁡(x)=γ⊙x1d∑ixi2+ϵ\operatorname{RMSNorm}(x)
=
\gamma \odot
\frac{x}{\sqrt{\frac{1}{d}\sum_i x_i^2 + \epsilon}}


Kimi K3 uses RMSNorm in several important places. The purpose is familiar even when the formula differs: present each sublayer with inputs whose scale is controlled.

Residual and normalization in code

class Block(nn.Module):
    def __init__(self, width):
        super().__init__()
        self.norm_1 = nn.LayerNorm(width)
        self.attention = Attention(width)
        self.norm_2 = nn.LayerNorm(width)
        self.mlp = MLP(width)

    def forward(self, x):
        x = x + self.attention(self.norm_1(x))
        x = x + self.mlp(self.norm_2(x))
        return x


Read this from the inside out:


	normalize the current workspace;

	let attention calculate an update;

	add that update back;

	normalize the new workspace;

	let the MLP calculate another update;

	add that update back.



We have not implemented Attention or MLP yet. Their interfaces already make sense: each receives a stack of token vectors and returns an update with the same shape.

Checkpoint 2

1. What is the defining operation of a residual connection?


	A. Multiply the output by zero.

	B. Add a sublayer’s update to its input.

	C. Normalize every token across the batch.

	D. Copy the final layer to every earlier layer.



2. Why does a stack of linear layers need nonlinear activations?


	A. Without them, the stack collapses into one linear transformation.

	B. Activations add token positions.

	C. Matrix multiplication works only after GELU.

	D. Nonlinearities create the tokenizer vocabulary.



3. LayerNorm in a Transformer usually computes statistics across what?


	A. All documents in the dataset

	B. All tokens ever seen

	C. The feature coordinates of one token representation

	D. The vocabulary IDs



4. In the “shared workspace” mental model, what flows along the model’s depth?


	A. Raw UTF-8 bytes

	B. The optimizer state

	C. The residual stream

	D. The training labels



Answers: 1-B. A residual sublayer computes x+F(x)x + F(x). 2-A. Composed linear maps remain one linear map. 3-C. LayerNorm normalizes the features within each token representation. 4-C. Attention and MLP sublayers read and update the residual stream.



7. Attention: let tokens retrieve from earlier tokens

We have reached the component that gives the Transformer its name.

The problem attention solves

Consider:


Alice gave Bob the book because he asked for it.



To build a useful representation for he, the model may need information from Bob. To understand it, it may need information from book.

A fixed-size window filter could mix nearby tokens, but the relevant token might be far away. A recurrent network could carry a running state, but every new token would depend sequentially on the previous state.

Self-attention gives each token a content-dependent way to retrieve information from earlier positions.

Query, key, and value

For every token vector xix_i, learned projections produce three new vectors:

qi=xiWQq_i = x_iW_Q


ki=xiWKk_i = x_iW_K


vi=xiWVv_i = x_iW_V


The names provide the right intuition:


	The query says what this position is looking for.

	The key says what this position can be found by.

	The value says what information this position can contribute.



The query and key determine how much to read. The value determines what is read.

This is not a literal database with human-readable addresses. The projections are learned, distributed, and different for every head. But learned lookup is a durable mental model.

The separation is more important than the names suggest. One token representation is projected into three different coordinate systems because being searchable by a feature and returning a feature are different jobs.

For example, a name token’s key could expose “recent singular person,” while its value returns features about identity, number, grammatical role, or surrounding content. A later pronoun’s query can match the address-like key without requiring its own vector to resemble the returned payload.

If one shared vector had to serve all three roles directly, retrieval compatibility and returned content would be unnecessarily tied together.

Step 1: compare one query with all available keys

For a current position ii, calculate a dot product with each earlier key kjk_j:

sij=qi⋅kjs_{ij} = q_i \cdot k_j


A dot product is large when two vectors point in compatible directions.

Suppose the current query is:

q=[1,0]q = [1, 0]


and three earlier positions have keys:

kAlice=[0.5,0]k_{\text{Alice}} = [0.5, 0]


kBob=[1,0]k_{\text{Bob}} = [1, 0]


kbook=[0,1]k_{\text{book}} = [0, 1]


The raw scores are:

Alice:  [1, 0] · [0.5, 0] = 0.5
Bob:    [1, 0] · [1.0, 0] = 1.0
book:   [1, 0] · [0.0, 1] = 0.0


The query aligns most strongly with Bob’s key.

In real attention, the score is divided by dk\sqrt{d_k}:

sij=qi⋅kjdks_{ij} = \frac{q_i \cdot k_j}{\sqrt{d_k}}


As vector width grows, unscaled dot products tend to grow in magnitude. The division prevents softmax from becoming excessively sharp just because the head is wide.

The dk\sqrt{d_k} appears for a statistical reason. If query and key components are roughly independent, zero-mean, and unit-variance, their dot product sums dkd_k random products. The sum’s variance grows roughly like dkd_k, so its standard deviation grows like dk\sqrt{d_k}. Dividing by that quantity keeps score scale approximately stable as head width changes.

To keep the next toy calculation easy to verify by hand, we will continue with the three unscaled raw scores. The real implementation applies the dk\sqrt{d_k} scaling shown above.

Step 2: mask the future

A decoder-only language model must not peek at the target.

When predicting token 4, it may use positions 1 through 4 but not position 5. Scores for future positions are replaced by negative infinity:

             key position
query        1    2    3    4
--------------------------------
1            ✓    ×    ×    ×
2            ✓    ✓    ×    ×
3            ✓    ✓    ✓    ×
4            ✓    ✓    ✓    ✓


After softmax, an entry of negative infinity receives probability zero.

This triangular causal mask is what allows training to process a whole sequence in parallel without leaking future answers.

Step 3: softmax turns scores into attention weights

For our scores:

[0.5, 1.0, 0.0]


softmax produces approximately:

Alice: 0.307
Bob:   0.506
book:  0.186


These are the attention weights. They are positive and sum to one.

Attention is usually not a hard selection. The current position takes a mixture, with more weight on the most relevant values.

Step 4: take a weighted sum of values

Suppose:

v_Alice = [1.0, 0.0]
v_Bob   = [0.0, 1.0]
v_book  = [0.5, 0.5]


The attention output is:

0.307vAlice+0.506vBob+0.186vbook0.307v_{\text{Alice}}
+0.506v_{\text{Bob}}
+0.186v_{\text{book}}


which is approximately:

[0.40,0.60][0.40, 0.60]


That returned vector is written back into the current position through an output projection and residual connection.

The model did not copy the word Bob. It retrieved a learned mixture of features stored in the value vectors.

The complete matrix equation

Stack the queries, keys, and values for every position into matrices QQ, KK, and VV:

Attention⁡(Q,K,V)=softmax⁡(QK⊤dk+M)V\operatorname{Attention}(Q,K,V)
=
\operatorname{softmax}
\left(
\frac{QK^\top}{\sqrt{d_k}} + M
\right)V


Read it from left to right:


	QK⊤QK^\top: every query compares with every key;

	divide by dk\sqrt{d_k}: keep score scale reasonable;

	add MM: hide future positions;

	softmax: turn each row into retrieval weights;

	multiply by VV: return weighted mixtures of value vectors.



The dimensions make the operation concrete:

Q                    [tokens × key_width]
Kᵀ                   [key_width × tokens]
QKᵀ                  [tokens × tokens]
softmax(QKᵀ)         [tokens × tokens]
V                    [tokens × value_width]
output               [tokens × value_width]


The tokens-by-tokens score matrix is why ordinary attention has quadratic work and memory pressure during long-sequence prefill.

[image: A causal attention map has one query row per token, one key column per token, a masked future, and a weighted read over permitted positions]

An illustrative attention map for Alice gave Bob the book. The bottom row can read every earlier position; the upper-right triangle is unavailable. The particular colors are invented to teach the mechanism, not measured from a trained head.

A traditional-ML analogy: learned kernel smoothing

One attention head resembles a learned, input-dependent kernel smoother:


	the query is the point requesting an estimate;

	keys are reference points in a learned similarity space;

	query-key dot products define kernel-like affinities;

	softmax normalizes them into weights;

	values are the features being averaged.



The crucial difference from a fixed RBF kernel or nearest-neighbor model is that the query, key, and value representations are all learned end to end, then recomputed at every layer. Attention does not merely retrieve from raw observations; it retrieves from representations already transformed by earlier computation.

Attention in code

import math
import torch

def causal_attention(q, k, v):
    # q, k, v: [batch, heads, time, head_width]
    scores = q @ k.transpose(-2, -1)
    scores = scores / math.sqrt(q.size(-1))

    time = q.size(-2)
    allowed = torch.tril(
        torch.ones(time, time, dtype=torch.bool, device=q.device)
    )
    scores = scores.masked_fill(~allowed, float("-inf"))

    weights = torch.softmax(scores, dim=-1)
    return weights @ v


The code is almost a direct transcription of the equation.


Practice lens — debug the clear version before the fast version

Optimized kernels such as PyTorch scaled-dot-product attention or FlashAttention may never materialize the full score matrix in ordinary memory. When implementing or debugging attention, keep a tiny reference version like the one above and test it on short tensors.

Three useful invariants are: every softmax row sums to approximately one; masked future entries contribute exactly zero; and the output shape matches the input’s [batch, heads, time, head_width] structure. Once the reference and optimized results agree within floating-point tolerance, use the fast kernel for the real run.



Why multiple heads?

One attention operation produces one pattern of retrieval. Language benefits from many retrieval patterns at once.

Multi-head attention splits the model width into several heads. Each head gets its own query, key, and value projections. One head may become useful for nearby syntax, another for matching names, another for punctuation, another for copying a formatting pattern.

If the model width is 768768 and there are 1212 heads, each head may use width 6464:

12 heads × 64 features per head = 768 total features


The head outputs are concatenated and mixed by an output projection:

MultiHead⁡(X)=Concat⁡(head1,…,headh)WO\operatorname{MultiHead}(X)
=
\operatorname{Concat}(head_1,\ldots,head_h)W_O


Heads are not assigned jobs by a programmer. Training discovers useful divisions of labor.

Heads are also not isolated miniature models. Their outputs are concatenated and mixed back into the residual width by WOW_O. A feature can be assembled from several heads, and one head can participate in many behaviors.

What attention is—and is not

Attention is:


	a data-dependent weighted read from token representations;

	recalculated for the current input;

	a way to mix information across positions.



Attention is not:


	the whole Transformer;

	a guarantee of human-interpretable reasoning;

	a permanent database lookup;

	the component that performs all feature computation.



An attention map is not automatically an explanation either. It shows the value-mixture weights for one head and layer, not the full causal contribution after value content, output projection, residual mixing, later layers, and MLP computation.

That last distinction takes us to the other half of the block.



8. The feed-forward network: think at each position

After attention, each token has gathered information from other positions. It now needs to transform that information.

The Transformer’s feed-forward network—also called the MLP—applies the same learned function independently to every token position:

MLP⁡(x)=W2 GELU⁡(W1x+b1)+b2\operatorname{MLP}(x)
=
W_2\,\operatorname{GELU}(W_1x+b_1)+b_2


Expand, activate, compress

In GPT-2 small, the residual width is 768768. The MLP expands to 30723072, applies GELU, and projects back to 768768:

768 features
    ↓ first linear layer
3072 hidden features
    ↓ GELU
3072 activated features
    ↓ second linear layer
768-feature update


The expansion gives the network a larger workspace in which many feature combinations can be detected and transformed.

Attention versus MLP

This distinction is worth memorizing:


Attention mixes across token positions. The MLP mixes across feature channels.



Attention asks:


Which earlier positions contain useful information for this token?



The MLP asks:


Given the features now present at this token, what new features should be written?



For the sentence about Alice and Bob:


	attention may retrieve features associated with Bob into the representation for he;

	the MLP may transform that combination into a stronger “male singular antecedent” or “subject of asked” feature;

	the residual connection adds that result to the ongoing representation.



This is an intuition, not a literal label on one neuron. The computation is distributed.

The same MLP visits every position

The MLP weights do not change from token to token. What changes is the input activation.

class MLP(nn.Module):
    def __init__(self, width):
        super().__init__()
        self.expand = nn.Linear(width, 4 * width)
        self.activate = nn.GELU()
        self.project = nn.Linear(4 * width, width)

    def forward(self, x):
        return self.project(self.activate(self.expand(x)))


If x has shape [batch, time, width], PyTorch applies these linear layers to the final dimension at every batch item and every time position.

Why modern models change the MLP

The MLP contains a large fraction of a dense Transformer’s parameters and computation, so it is a natural target for architectural changes.


	Gated MLPs such as SwiGLU give one learned branch control over another.

	Mixture-of-Experts models replace one dense MLP with many expert MLPs and route each token to only a few.

	Kimi K3 projects tokens into a smaller latent expert width, activates 16 of 896 routed experts plus shared experts, normalizes the aggregate, and projects back to the residual width.



These are more elaborate answers to the same question: how should one token’s feature vector be transformed after it gathers context?



9. One complete Transformer block

We now know every conceptual part:

residual stream x
    │
    ├─ normalize → causal multi-head attention → add back
    │
    └─ normalize → feed-forward network      → add back


[image: A continuous residual ribbon receives information gathered across token positions on the left, then passes through an expanded per-token feature workshop on the right]

Conceptual illustration. The left half is attention: other positions contribute selected information to the current position. The right half is the MLP: one position expands, gates, and recombines its local features. The colored ribbon survives both stages and receives their updates; that is the residual stream.

Watch Karpathy open the Transformer visualizer beginning at 23:18.

[image: Karpathy shows the full nano-GPT stack in Brendan Bycroft’s LLM visualizer]

At 23:40, the visualizer shows embeddings at the entrance, repeated Transformer blocks in the middle, and the vocabulary output at the top. The left panel lists the same components we are building here.

Lightly cleaned transcript, 23:18–25:59


I encourage you to go to this website, which has a very nice visualization of one of these networks. This neural network has a special structure called the Transformer. This particular example has roughly 85,000 parameters.

At the top we take the input token sequence, and information flows through the network until the output—the logits and softmax—which are the predictions for what token comes next. There is a sequence of transformations and intermediate values produced inside this mathematical expression as it predicts what comes next.

These tokens are embedded into a distributed representation. Every possible token has a vector that represents it inside the neural network. First we embed the tokens, and then those values flow through the diagram.

Individually, these are very simple mathematical expressions. We have layer norms, matrix multiplications, softmaxes, the attention block, and then the multilayer perceptron block. All these numbers are intermediate values of the expression.

I would caution against thinking of these too much like biological neurons. Biological neurons are complex dynamical processes with memory. There is no memory in this expression; it is a fixed, stateless mathematical expression from input to output.

What is important is that this is a mathematical function parameterized by a fixed set of parameters. It transforms inputs into outputs. As we adjust the parameters, we get different predictions, and we need to find a setting whose predictions match patterns in the training set.



Karpathy deliberately stops before deriving each component. The point of this guide is to fill in that missing middle.

A block in explicit code

This version keeps the machinery visible:

class CausalSelfAttention(nn.Module):
    def __init__(self, width, heads, max_context):
        super().__init__()
        assert width % heads == 0
        self.heads = heads
        self.head_width = width // heads

        self.qkv = nn.Linear(width, 3 * width)
        self.output = nn.Linear(width, width)

        mask = torch.tril(
            torch.ones(max_context, max_context, dtype=torch.bool)
        )
        self.register_buffer("mask", mask[None, None, :, :])

    def forward(self, x):
        batch, time, width = x.shape
        q, k, v = self.qkv(x).chunk(3, dim=-1)

        def split_heads(tensor):
            tensor = tensor.view(
                batch, time, self.heads, self.head_width
            )
            return tensor.transpose(1, 2)

        q = split_heads(q)
        k = split_heads(k)
        v = split_heads(v)

        scores = q @ k.transpose(-2, -1)
        scores = scores / math.sqrt(self.head_width)
        scores = scores.masked_fill(
            ~self.mask[:, :, :time, :time],
            float("-inf"),
        )

        weights = torch.softmax(scores, dim=-1)
        values = weights @ v

        values = values.transpose(1, 2).contiguous()
        values = values.view(batch, time, width)
        return self.output(values)


class TransformerBlock(nn.Module):
    def __init__(self, width, heads, max_context):
        super().__init__()
        self.norm_1 = nn.LayerNorm(width)
        self.attention = CausalSelfAttention(
            width, heads, max_context
        )
        self.norm_2 = nn.LayerNorm(width)
        self.mlp = MLP(width)

    def forward(self, x):
        x = x + self.attention(self.norm_1(x))
        x = x + self.mlp(self.norm_2(x))
        return x


This is not production-optimized. Libraries use fused kernels such as scaled dot-product attention or FlashAttention. Conceptually, they compute the same result more efficiently.

Trace one position through one block

Take the position for he in:


Alice gave Bob the book because he



At the entrance to a block:


	Its residual vector already contains the token identity, position information, and features written by earlier blocks.

	LayerNorm presents a controlled-scale version to attention.

	Its query is compared with keys for all permitted positions.

	The head outputs mix value vectors, perhaps emphasizing Bob.

	The output projection combines the heads.

	The attention update is added to the residual stream.

	A second normalization presents the enriched vector to the MLP.

	The MLP detects and transforms useful feature combinations.

	That update is added too.



The block does not output a word. It outputs a better context-aware vector for every position.

Stack many blocks, and later blocks can operate on relationships and features discovered by earlier blocks.

Checkpoint 3

1. What determines the attention weight from position ii to position jj?


	A. The numeric distance between their token IDs

	B. Compatibility between qiq_i and kjk_j, followed by masking and softmax

	C. The value vector alone

	D. The MLP expansion width



2. Why are values separate from keys?


	A. Keys determine where to read; values carry the returned content.

	B. Values are used only during training.

	C. Keys are integers and values are text.

	D. There is no practical difference.



3. What does the causal mask do?


	A. Hides rare vocabulary items

	B. Prevents a position from attending to future positions

	C. Removes all punctuation

	D. Chooses which expert MLP runs



4. Which component directly mixes information across token positions?


	A. The position-wise MLP

	B. LayerNorm

	C. Self-attention

	D. GELU



5. Which component directly mixes features within each token position?


	A. The MLP

	B. The causal mask

	C. Tokenization

	D. Sampling



Answers: 1-B. Queries score keys, the mask removes illegal positions, and softmax produces weights. 2-A. The address and payload roles are learned separately. 3-B. A decoder cannot see its future targets. 4-C. Attention reads across positions. 5-A. The MLP transforms channels independently at each position.



10. Training: how the knobs move

We have described the forward pass. Training adds three operations:


	measure the prediction error;

	calculate how every parameter influenced that error;

	nudge the parameters in directions expected to reduce future error.



Forward pass

A batch of token sequences enters. The model produces logits for each position. Cross-entropy compares the logits with the actual next-token IDs and averages the losses.

logits = model(input_ids)

loss = torch.nn.functional.cross_entropy(
    logits[:, :-1].reshape(-1, vocab_size),
    input_ids[:, 1:].reshape(-1),
)


The shift is the whole language-modeling objective:

input positions:   token 0, token 1, token 2, ...
targets:            token 1, token 2, token 3, ...


Backpropagation

The loss is one number. The model may have billions of parameters. Backpropagation uses the chain rule to calculate:

∂L∂w\frac{\partial L}{\partial w}


for every parameter ww.

This derivative answers a local question:


If this parameter increased by a tiny amount, which way and how strongly would the loss move?



The gradient is not a human-readable explanation of the mistake. It is a large collection of local sensitivities.

Automatic differentiation records the operations used in the forward pass and traverses them backward:

loss
  → softmax and vocabulary projection
  → final block
  → ...
  → first block
  → embeddings


Residual connections help because the backward signal has direct addition paths through depth.

The optimizer

The simplest update would be:

w←w−η∂L∂ww \leftarrow w - \eta \frac{\partial L}{\partial w}


where η\eta is the learning rate.

Real LLM training commonly uses AdamW, which tracks moving averages of gradients and squared gradients, applies per-parameter adaptive scaling, and separately decays weights. The intuition remains: use gradients to make small, carefully scaled updates.

One training loop

optimizer = torch.optim.AdamW(
    model.parameters(),
    lr=3e-4,
)

for input_ids in data_loader:
    logits = model(input_ids)

    loss = torch.nn.functional.cross_entropy(
        logits[:, :-1].reshape(-1, vocab_size),
        input_ids[:, 1:].reshape(-1),
    )

    optimizer.zero_grad()
    loss.backward()
    optimizer.step()


In spoken language:


	run the current model;

	score its surprise;

	compute gradients;

	clear gradients left from the previous batch;

	update the weights;

	repeat on another batch.



What training looks like in practice

Watch Karpathy’s live GPT-2 run beginning at 34:50.

[image: Karpathy’s terminal shows GPT-2 training step, loss, gradient norm, learning rate, utilization, throughput, and generated samples]

At 35:20, each terminal row is one optimization step. The loss is slowly falling while periodic samples reveal what the still-early model can generate.

Lightly cleaned transcript, 34:50–36:58


I am training a GPT-2 model right now. Every line here is one update to the model. We are changing its parameters a little bit so it becomes better at predicting the next token.

Every line is improving the prediction on one million tokens from the training set. We have taken one million tokens and tried to improve the prediction of the token coming next, simultaneously for all one million.

The number to watch closely is called the loss. Loss is a single number telling you how well the neural network is performing. It is created so that low loss is good. You will see the loss decreasing as we make more updates, which corresponds to better next-token predictions.

Every 20 steps I configured the optimization to do inference. The model is predicting tokens one at a time. It is not yet very coherent because it is only about one percent through training. What comes out is gibberish, but it already has a little local coherence.

If we scroll up to the start, after only 20 updates the text looks completely random. If we waited for all 32,000 steps, the model would generate substantially more coherent English.



Reading a real training log

A useful training display usually answers six different questions:




	Signal
	What it tells you
	A suspicious pattern




	training loss
	fit to the sampled training batches
	flat from the start, exploding, or suddenly NaN



	validation loss
	generalization to held-out documents
	worsens while training loss keeps improving



	learning rate
	how aggressively the optimizer is stepping
	wrong warmup, unexpected restart, or zero too early



	gradient norm
	approximate update pressure before or after clipping
	repeated spikes or continual clipping



	tokens per second
	end-to-end data and compute throughput
	sharp drops, stalls, or unstable variance



	generated samples
	the qualitative distribution the checkpoint produces
	memorized fragments, collapse, repetition, or no visible progress




These signals diagnose different layers of the system.


	Loss can be wrong because targets are shifted incorrectly.

	Throughput can be low because the data loader starves the accelerator.

	A gradient spike can come from optimization, numerical precision, or a bad batch.

	Good-looking samples can coexist with worsening validation loss.

	A low loss is not comparable across tokenizers unless you account for their different token units.



This is where a project such as Language Model Builder is useful as an intuition aid: it places loss, validation, throughput, checkpoints, and samples next to the model being trained. Its value here is not a hardware-specific recipe. It is that these abstract terms become much easier to reason about once you can watch them change together.


Practice lens — keep a fixed sample panel

At each evaluation interval, generate from the same small set of prompts with a fixed random seed and recorded sampler settings. Also keep one free-running random sample. The fixed panel makes checkpoints comparable; the free sample reveals the broader texture of the model. If the prompts, seed, temperature, and top-kk all change, qualitative progress becomes impossible to separate from sampling noise.



Loss is essential but incomplete

A decreasing training loss means the optimizer is fitting the training distribution. It does not by itself prove:


	good generalization;

	factual reliability;

	instruction following;

	safety;

	useful long-horizon reasoning.



Researchers track validation loss on held-out data and run downstream evaluations. Post-training then uses demonstrations, preference data, verifiable rewards, or other signals to shape a base model into a useful assistant.

The foundation still begins with next-token pretraining.

A checkpoint is more than model weights

To resume training faithfully, a checkpoint commonly needs:


	model parameters;

	optimizer state, often much larger than the inference weights;

	training step and number of tokens processed;

	model and data configuration;

	learning-rate scheduler state;

	random-number-generator state;

	tokenizer identity or an immutable reference to it;

	enough dataset/shuffle state to avoid silently changing the stream.



For inference, you may export only weights plus model configuration and tokenizer files. For training resumption, leaving out optimizer and data state can turn “resume” into a subtly different experiment.

The training record changes after pretraining

“Training data” does not always mean the same schema.




	Stage
	A typical record
	What the loss encourages




	pretraining
	a document or packed token stream
	predict ordinary text token by token



	supervised fine-tuning
	messages or instruction-response examples
	imitate the demonstrated response behavior



	preference training
	a prompt plus preferred and rejected responses
	score the preferred behavior more favorably



	reinforcement or verifiable-reward training
	prompts, generated rollouts, and rewards
	increase the probability of rewarded trajectories




An SFT record may begin as:

example = {
    "messages": [
        {"role": "user", "content": "Explain why the sky is blue."},
        {"role": "assistant", "content": "Sunlight contains many wavelengths..."},
    ]
}


A chat template serializes those structured messages into the model’s one-dimensional token sequence, including role and boundary tokens. Many SFT pipelines mask the loss on user or system tokens so the update is driven primarily by the assistant response; other objectives make different masking choices.

This is a concrete reason a base model and an assistant can share the same Transformer architecture yet behave so differently. The architecture defines the function family. The data format, loss mask, and optimization stages define which behavior is reinforced.



11. Inference: one token at a time

Training changes parameters. Inference normally holds them fixed.

The autoregressive loop

Given a prompt:

The capital of France is


the model:


	tokenizes the prompt;

	produces logits for the next token;

	turns logits into probabilities;

	chooses or samples a token such as  Paris;

	appends it to the context;

	runs again to predict what follows  Paris;

	repeats until a stopping condition.



Watch Karpathy’s inference explanation beginning at 26:01.

[image: Karpathy’s diagram shows sampled tokens being appended and fed back into the model]

At 27:55, each new sample extends the prefix. The model then predicts from the longer prefix.

Lightly cleaned transcript, 26:01–29:53


In inference, we are generating new data from the model. We want to see what patterns it has internalized in the parameters.

We start with some tokens—your prefix. We feed them into the network, and the network gives us a probability vector. We can sample a token from that probability distribution. Tokens given high probability are more likely to be sampled.

We append the sampled token and ask for the next one. We do that again and again. At every step there may be many possible tokens. These systems are stochastic: we are sampling, or flipping biased coins.

Sometimes a small chunk may reproduce something in the training data, but sometimes we get a token that was not verbatim part of that document. We quickly generate token streams that are different from the training documents. Statistically they have similar properties, but they are not identical; they are like remixes of patterns in the training data.

Inference is predicting from these distributions one at a time, feeding the tokens back in, and getting the next one. When you talk with a deployed model, its weights were trained earlier. The parameters are held fixed. You provide some tokens, and it completes the token sequence.



Greedy choice versus sampling

The simplest decoder always chooses the highest-probability token:

next_id = torch.argmax(logits, dim=-1)


This is deterministic but can become repetitive or bland.

Sampling preserves alternatives:

probabilities = torch.softmax(logits, dim=-1)
next_id = torch.multinomial(probabilities, num_samples=1)


Temperature adjusts sharpness before softmax:

pi=softmax⁡(ziT)p_i
=
\operatorname{softmax}
\left(
\frac{z_i}{T}
\right)



	T<1T < 1: sharper, more conservative distribution;

	T=1T = 1: unchanged;

	T>1T > 1: flatter, more varied and risky.



Top-kk and top-pp sampling discard very unlikely tails before sampling.

A minimal generation loop

@torch.no_grad()
def generate(model, token_ids, steps, temperature=1.0):
    for _ in range(steps):
        logits = model(token_ids)
        next_logits = logits[:, -1, :] / temperature
        probabilities = torch.softmax(next_logits, dim=-1)
        next_id = torch.multinomial(probabilities, 1)
        token_ids = torch.cat([token_ids, next_id], dim=1)
    return token_ids


Every visible response is produced by repeating this loop, though production systems add batching, caching, quantization, parallelism, stop rules, safety layers, tool calls, and other infrastructure.


Practice lens — sampling settings are part of the result

Save the prompt, checkpoint identifier, random seed, temperature, top-kk, top-pp, maximum token count, and stop conditions with an interesting generation. Otherwise you have saved an anecdote, not a reproducible observation.

When comparing two checkpoints, hold the sampler fixed. When studying the sampler, hold the checkpoint fixed. Changing both at once makes a better-looking paragraph impossible to attribute.



Checkpoint 4

1. What changes during ordinary inference?


	A. The model’s learned parameters after every generated token

	B. The token sequence and temporary activations, while parameters stay fixed

	C. The tokenizer vocabulary

	D. The training dataset



2. Why can two runs with the same prompt differ?


	A. Sampling can choose different tokens from the probability distribution.

	B. LayerNorm deletes random features.

	C. The model retrains between runs.

	D. Token IDs are randomly reassigned.



3. What does a lower temperature usually do?


	A. Flattens the distribution

	B. Makes high-logit tokens relatively more dominant

	C. Increases vocabulary size

	D. Removes the causal mask



4. What does backpropagation calculate?


	A. A human-readable critique for each response

	B. How the loss locally changes with respect to each parameter

	C. New tokenizer merges

	D. The next sampled token



Answers: 1-B. The prompt grows and activations change, but the trained weights usually do not. 2-A. Sampling is stochastic. 3-B. Dividing by a smaller temperature magnifies logit differences. 4-B. Gradients are local loss sensitivities.



12. Prefill, decoding, and the KV cache

The conceptual generation loop appears to rerun the entire prompt for every new token. A naive implementation would.

Production inference reuses work.

Prefill

When the prompt first arrives, the model processes all prompt tokens in parallel. This is prefill.

At each attention layer, every prompt token produces a key and a value. These are stored in a KV cache.

Decode

For the next generated token, old keys and values have not changed. The model computes only:


	a new query for the current token;

	a new key and value to append;

	attention between the new query and cached earlier keys;

	a weighted sum of cached earlier values.



This is decoding.

The cache prevents repeated computation of earlier key and value projections. It does not remove the need for the new query to compare with earlier keys.

Four kinds of “memory” people confuse

It helps to keep these separate:


	Weights: patterns learned during training; fixed during ordinary inference.

	Context tokens: the explicit text, images, tool results, and messages currently provided.

	Activations and KV cache: temporary numerical state used to process that context efficiently.

	External memory: files, databases, search results, or tools outside the model.



The KV cache does not teach the model permanently. Closing the session discards it. Adding a fact to a prompt does not rewrite the weights. Training a fact into the weights does not guarantee precise database-like recall.

Why long context is expensive

With ordinary attention, a prompt of NN tokens creates a score for many pairs of positions during prefill. The attention score matrix scales roughly with N2N^2.

During decoding, each new token compares with NN cached keys in each full-attention layer. The cache itself grows with NN.

FlashAttention makes exact attention far more memory-efficient by avoiding unnecessary movement and materialization of the full score matrix in high-bandwidth memory. It does not change full attention into a non-quadratic function during prefill.

These pressures motivate the architectural path to Kimi K3.



13. From GPT-2 to Kimi K3 without losing the foundation

At this point, the earlier Kimi K3 guide should feel less like a wall of mechanisms.

GPT-2 and Kimi K3 are both autoregressive decoder language models. Both still:


	tokenize inputs;

	produce hidden vectors;

	maintain a residual stream through depth;

	mix information across sequence positions;

	transform features through feed-forward computation;

	project to vocabulary logits;

	train primarily through prediction losses;

	generate tokens autoregressively.



K3 changes how the expensive middle performs memory, retrieval, depth access, and feed-forward capacity.

Start with the GPT-2 block

Every GPT-2 block uses:

LayerNorm
→ full multi-head causal attention
→ residual add
→ LayerNorm
→ one dense MLP
→ residual add


This works beautifully, but every attention layer retains a growing token-level cache and performs full retrieval.

KDA: replace most filing-cabinet lookups with running memory

Ordinary attention preserves a key and value for each earlier token. Think of it as a filing cabinet with one folder per position.

Linear attention compresses earlier key-value information into a fixed-size matrix. Think of it as a whiteboard on which all associations are written. The state stops growing with context, but overlapping memories can smear.

DeltaNet improves the write rule:


	read what the memory currently predicts for a key;

	compare that prediction with the value to be stored;

	write only the correction.



Gated DeltaNet adds forgetting. Kimi Delta Attention, or KDA, gives different key channels different retention rates. Some features can persist while others clear quickly.

The attention vocabulary still helps:


	queries read;

	keys address;

	values provide content;

	the state supplies a compressed associative memory.



MLA: keep periodic exact global retrieval

No fixed-size state can preserve arbitrary detail from an arbitrarily long sequence.

K3 therefore does not use KDA everywhere. It interleaves:

KDA → KDA → KDA → Gated MLA


and repeats that pattern, with a final global-attention layer.

Multi-head Latent Attention, or MLA, compresses each token’s key-value representation but still keeps an entry per token and performs global softmax retrieval. It is a more compact filing cabinet, not a fixed whiteboard.

The hybrid gives the model:


	cheap running memory in most layers;

	periodic precise access to token-level history.



Stable LatentMoE: make the MLP a routed specialist system

Recall that the MLP transforms each position’s features after attention.

Instead of using one dense MLP for every token, K3’s Stable LatentMoE has 896 routed experts. Each token activates 16 of them, plus shared experts.

The token is projected from model width 71687168 into latent width 35843584, processed by selected experts, normalized, and projected back.

This produces:


	2.78 trillion total language-model parameters;

	about 104.2 billion activated parameters per token.



Total parameters and active parameters are not the same as FLOPs, latency, or intelligence. The useful continuity is simpler: MoE replaces the block’s one-size-fits-all feed-forward transformation with sparse routing to specialists.

Attention Residuals: retrieve across depth

The ordinary residual stream keeps adding updates. After dozens of layers, a useful earlier representation can become diluted.

K3’s Attention Residuals let a later layer selectively retrieve block-level representations from earlier depth.

Compare:


	MLA chooses among earlier token positions.

	Attention Residuals choose among earlier stages of computation.



This is why the residual-stream foundation matters. AttnRes is not an unrelated trick. It changes a uniform accumulation path into a depth-wise retrieval system.

The whole K3 mental model

Across sequence positions
    KDA = efficient fixed-state running memory
    MLA = periodic precise global retrieval

Across feature channels
    Stable LatentMoE = sparse specialist computation

Across model depth
    Attention Residuals = retrieve useful earlier representations


Or, using one physical analogy:


	KDA is an erasable whiteboard with selective fading.

	MLA is a compressed archive with one record per token.

	MoE is a department that sends each case to a few specialists.

	AttnRes is a shelf of earlier drafts that later layers can reopen.



For the derivations, two-dimensional examples, and exact K3 architecture, continue with [[From GPT-2 to Kimi K3, From First Principles]] after finishing this guide.

Checkpoint 5

1. What foundational job do both GPT-2 and Kimi K3 perform?


	A. Retrieve finished answers from a database

	B. Autoregressively predict tokens from prior context

	C. Rewrite their tokenizer during inference

	D. Store every prompt permanently in weights



2. Why does K3 keep periodic MLA layers?


	A. KDA cannot tokenize images.

	B. Fixed-size recurrent memory cannot guarantee precise preservation of arbitrary token-level detail.

	C. MLA is the activation function in the MLP.

	D. KDA works only during training.



3. How does MoE relate to the feed-forward network?


	A. It routes a token through a subset of expert feed-forward transformations.

	B. It replaces tokenization.

	C. It removes logits.

	D. It is another name for the KV cache.



4. What axis does Attention Residuals retrieve across?


	A. Vocabulary entries

	B. Training examples

	C. Earlier layers or depth representations

	D. GPU devices only



Answers: 1-B. The basic autoregressive loop survives. 2-B. Constant-size state is efficient but capacity-limited. 3-A. MoE sparsifies the per-token feature transformation. 4-C. AttnRes retrieves earlier computational states, while MLA retrieves earlier token positions.



14. A complete miniature GPT

The pieces are easier to trust when they connect into one program.

The following model is intentionally small and unoptimized. It omits dropout, sophisticated initialization, weight tying, mixed precision, fused kernels, distributed training, and many production details. But its forward pass has the same conceptual skeleton as GPT-2.

import math

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


class CausalSelfAttention(nn.Module):
    def __init__(self, width, heads, max_context):
        super().__init__()
        assert width % heads == 0

        self.heads = heads
        self.head_width = width // heads
        self.qkv = nn.Linear(width, 3 * width)
        self.output = nn.Linear(width, width)

        mask = torch.tril(
            torch.ones(max_context, max_context, dtype=torch.bool)
        )
        self.register_buffer("mask", mask[None, None, :, :])

    def forward(self, x):
        batch, time, width = x.shape

        # One matrix multiplication creates Q, K, and V.
        q, k, v = self.qkv(x).chunk(3, dim=-1)

        # [batch, time, width]
        #     → [batch, heads, time, head_width]
        def split_heads(tensor):
            tensor = tensor.view(
                batch, time, self.heads, self.head_width
            )
            return tensor.transpose(1, 2)

        q = split_heads(q)
        k = split_heads(k)
        v = split_heads(v)

        scores = q @ k.transpose(-2, -1)
        scores = scores / math.sqrt(self.head_width)
        scores = scores.masked_fill(
            ~self.mask[:, :, :time, :time],
            float("-inf"),
        )

        weights = torch.softmax(scores, dim=-1)
        gathered = weights @ v

        # Reassemble the heads.
        gathered = gathered.transpose(1, 2).contiguous()
        gathered = gathered.view(batch, time, width)
        return self.output(gathered)


class MLP(nn.Module):
    def __init__(self, width):
        super().__init__()
        self.expand = nn.Linear(width, 4 * width)
        self.project = nn.Linear(4 * width, width)

    def forward(self, x):
        return self.project(F.gelu(self.expand(x)))


class TransformerBlock(nn.Module):
    def __init__(self, width, heads, max_context):
        super().__init__()
        self.norm_1 = nn.LayerNorm(width)
        self.attention = CausalSelfAttention(
            width, heads, max_context
        )
        self.norm_2 = nn.LayerNorm(width)
        self.mlp = MLP(width)

    def forward(self, x):
        x = x + self.attention(self.norm_1(x))
        x = x + self.mlp(self.norm_2(x))
        return x


class TinyGPT(nn.Module):
    def __init__(
        self,
        vocab_size,
        max_context=128,
        width=256,
        heads=4,
        layers=6,
    ):
        super().__init__()
        self.max_context = max_context

        self.token_embedding = nn.Embedding(vocab_size, width)
        self.position_embedding = nn.Embedding(max_context, width)

        self.blocks = nn.ModuleList(
            [
                TransformerBlock(width, heads, max_context)
                for _ in range(layers)
            ]
        )

        self.final_norm = nn.LayerNorm(width)
        self.vocabulary_projection = nn.Linear(
            width, vocab_size, bias=False
        )

    def forward(self, token_ids, targets=None):
        batch, time = token_ids.shape
        if time > self.max_context:
            raise ValueError("Sequence is longer than max_context")

        positions = torch.arange(time, device=token_ids.device)
        x = (
            self.token_embedding(token_ids)
            + self.position_embedding(positions)
        )

        for block in self.blocks:
            x = block(x)

        x = self.final_norm(x)
        logits = self.vocabulary_projection(x)

        loss = None
        if targets is not None:
            loss = F.cross_entropy(
                logits.reshape(-1, logits.size(-1)),
                targets.reshape(-1),
            )

        return logits, loss


Read the complete forward pass in English

When model(token_ids) runs:


	Each token ID retrieves a learned token vector.

	Each position retrieves a learned position vector.

	The two are added to create the initial residual stream.

	Every block:
	normalizes and attends to permitted earlier positions;

	adds the attention update;

	normalizes and applies the MLP;

	adds the MLP update.





	A final normalization prepares the last hidden representations.

	A linear projection returns one logit per vocabulary token at every position.

	If targets are supplied, cross-entropy measures the next-token prediction error.



That is a GPT.

Production code may look much more complicated because it must be fast, distributed, numerically stable, checkpointable, and hardware-aware. Architectural complexity and systems complexity are different. Karpathy’s llm.c is valuable precisely because it exposes both the clean reference operations and the optimized implementations.

One detail this miniature model leaves to the data loader

The model accepts token_ids and targets separately. A language-model batch constructs them by shifting one stream:

stream = torch.tensor([
    [10, 20, 30, 40, 50, 60]
])

input_ids = stream[:, :-1]  # [10, 20, 30, 40, 50]
targets = stream[:, 1:]     # [20, 30, 40, 50, 60]

logits, loss = model(input_ids, targets)


Each position learns to predict the token one step to its right.

In a real pipeline, the stream came from cleaned documents, boundary markers, tokenization, shuffling, and packing. The earlier document-packing diagram is not peripheral infrastructure; it manufactures the supervised examples consumed by this code.


Practice lens — over-inspect the first batch

Before a long run, print one batch’s shape and dtype, decode a few rows back to text, and verify targets[:, :-1] == input_ids[:, 1:] for the intended layout. Confirm that IDs are within the vocabulary, document-boundary behavior is deliberate, padding positions are excluded from loss if padding exists, and training examples do not appear in validation.

One hour spent proving the first batch is honest can save days of successfully optimizing the wrong objective.





15. Reconstruct the Transformer from memory

Try to say the following story without looking back.

The short version

Text is tokenized into integer IDs. Each ID retrieves an embedding, and position information is added. A stack of Transformer blocks repeatedly updates one vector per token.

Inside each block:


	normalization controls input scale;

	causal self-attention retrieves useful information from permitted positions;

	a residual connection adds that retrieved update;

	another normalization controls scale;

	an MLP transforms features at each position;

	another residual connection adds that update.



The final vectors are projected to vocabulary logits. Softmax turns logits into probabilities. Training uses cross-entropy and backpropagation to adjust parameters. Inference samples or selects one token, appends it, and repeats. A KV cache reuses earlier attention keys and values.

The one-line equation version

For a pre-normalized block:

x←x+Attention⁡(Norm⁡(x))x
\leftarrow
x
+
\operatorname{Attention}
\left(
\operatorname{Norm}(x)
\right)


x←x+MLP⁡(Norm⁡(x))x
\leftarrow
x
+
\operatorname{MLP}
\left(
\operatorname{Norm}(x)
\right)


For next-token prediction:

p(next token∣context)=softmax⁡(xfinalWU)p(\text{next token}\mid\text{context})
=
\operatorname{softmax}
\left(
x_{\text{final}}W_U
\right)


For training:

L=−log⁡p(observed next token∣context)L
=
-\log
p(\text{observed next token}\mid\text{context})


Those four lines are not every engineering detail, but they are enough to regenerate the map.

The division-of-labor version

Tokenizer      decides the symbols
Embedding      gives symbols learned vectors
Position       gives order
Attention      moves information between positions
MLP            transforms information within a position
Residual       preserves and accumulates a shared workspace
Normalization  controls numerical scale
Output layer   scores every possible next token
Softmax        creates probabilities
Loss           measures surprise
Backprop       assigns local responsibility
Optimizer      updates the weights
Sampling       chooses the next token
KV cache       reuses earlier attention state


If you can explain why every line exists, the Transformer is no longer a magic diagram.



16. Final self-test

Answer these before checking the key.

1. A token ID and an embedding vector are different because:


	A. the ID is an arbitrary vocabulary label; the embedding is a learned feature representation.

	B. the embedding exists only during tokenization.

	C. token IDs are probabilities.

	D. embeddings are always two-dimensional.



2. The model’s vocabulary has VV entries. The final projection produces:


	A. one logit total.

	B. VV logits per predicted position.

	C. one logit per attention head.

	D. V2V^2 logits per block.



3. Why does the attention score matrix have a tokens-by-tokens shape?


	A. Every vocabulary entry compares with every feature.

	B. Every query position compares with every permitted key position.

	C. Every MLP neuron compares with every layer.

	D. Every optimizer step compares with every batch.



4. Why can attention retrieve information without copying an earlier token literally?


	A. It returns a weighted mixture of learned value vectors.

	B. It reads the original UTF-8 file.

	C. It changes the tokenizer.

	D. It always selects exactly one position.



5. What would happen if a decoder’s causal mask were removed during training?


	A. Nothing; the mask is only decorative.

	B. Positions could access future tokens, leaking the answers.

	C. The embedding width would become zero.

	D. Cross-entropy would become softmax.



6. Why is an MLP useful after attention?


	A. Attention gathers context; the MLP can transform the resulting feature combinations at each position.

	B. The MLP stores the KV cache.

	C. The MLP chooses tokenizer merges.

	D. Attention cannot return vectors.



7. What is the simplest description of a residual block?


	A. Replace xx with a completely unrelated vector.

	B. Compute an update F(x)F(x) and add it to xx.

	C. Delete the earlier layers.

	D. Average the vocabulary IDs.



8. Why does pre-normalization help deep Transformers?


	A. It converts all tokens into English.

	B. It gives sublayers controlled-scale inputs while preserving a clean identity path in the residual stream.

	C. It removes the need for gradients.

	D. It prevents any feature from changing.



9. What is held fixed in ordinary inference?


	A. The generated token sequence

	B. The trained parameters

	C. The activations

	D. The sampling result



10. What does the KV cache store?


	A. Finished natural-language answers

	B. Earlier key and value projections for reuse during decoding

	C. Optimizer gradients from pretraining

	D. The tokenizer’s source code



11. KDA and MLA solve different parts of K3’s sequence problem because:


	A. KDA supplies efficient fixed-size running state; MLA periodically supplies precise token-level global retrieval.

	B. KDA is for images and MLA is for audio.

	C. MLA trains the tokenizer.

	D. They are two names for LayerNorm.



12. Why is “2.8 trillion parameters” not the same as “2.8 trillion parameters used for every token”?


	A. Parameters disappear during inference.

	B. K3 is sparse and routes each token through a subset of its experts.

	C. Tokenization divides the count by the context length.

	D. The number refers only to the vision encoder.



13. Why should a train/validation split usually happen before documents are packed into token windows?


	A. To keep fragments of the same source document from appearing on both sides.

	B. To make attention linear.

	C. To eliminate the tokenizer.

	D. To increase embedding width.



14. Which group is sufficient to reproduce an interesting sampled output?


	A. The output text alone

	B. The model parameter count and current date

	C. Checkpoint, prompt, seed, sampler settings, token limit, and stop conditions

	D. Training loss and GPU model only



Final answer key


	1-A. IDs label rows; embeddings are the learned rows.

	2-B. The model needs a score for every possible next token.

	3-B. Every query compares with keys across the permitted sequence.

	4-A. Attention returns a value mixture, not raw token text.

	5-B. The network could cheat by reading targets to its right.

	6-A. Token mixing and channel mixing are complementary.

	7-B. Residual computation learns changes to a carried representation.

	8-B. Pre-norm stabilizes sublayer inputs and leaves a direct residual route.

	9-B. Ordinary generation changes context and activations, not learned weights.

	10-B. The cache avoids recomputing old key and value projections.

	11-A. The hybrid balances efficiency and retrieval precision.

	12-B. Only selected routed experts activate for each token.

	13-A. Document-level separation prevents an easy form of validation leakage.

	14-C. Generation is a result of both model state and decoding procedure.





17. A glossary in plain language

Activation — a temporary number produced while the model processes a particular input.

Attention head — one learned query-key-value retrieval channel inside multi-head attention.

Autoregressive — generating or predicting one position conditioned on earlier positions.

Backpropagation — applying the chain rule backward through the computation to calculate gradients.

Causal mask — the rule that prevents a decoder position from reading future positions.

Chat template — a deterministic formatting rule that converts structured roles and messages into the token sequence consumed by a language model.

Checkpoint — a saved training state, often including model weights, optimizer state, configuration, step, and random state.

Context length — the maximum number of tokens the model can process in one sequence, subject to architecture and serving limits.

Corpus — the collection of documents selected as raw material for tokenizer or language-model training.

Cross-entropy loss — negative log probability assigned to the observed target token.

Data loader — the code that samples, shuffles, packs, and batches token sequences for the model.

Deduplication — detecting and removing exact or near-duplicate content so repeated sources do not receive unintended weight.

Document packing — filling fixed-length training rows with tokens from one or more documents to minimize padding.

Embedding — a learned vector retrieved for a discrete token ID.

Feed-forward network / MLP — the per-position feature transformation inside a Transformer block.

Gradient — how a tiny parameter change would locally change the loss.

Inference — using fixed trained weights to produce outputs.

Key — the learned address-like vector against which queries are compared.

KV cache — stored keys and values from earlier tokens, reused during autoregressive decoding.

LayerNorm — centering and rescaling a token’s feature vector, followed by learned gain and bias.

Logit — a raw, unnormalized score before softmax.

Parameter / weight — a learned numerical setting retained by the model.

Position encoding — information that lets the model distinguish token order.

Prefill — processing the initial prompt, usually in parallel, and building attention cache state.

Query — the learned vector representing what a position wants to retrieve.

Residual stream — the main vector workspace carried through the model’s depth.

RMSNorm — scale normalization using root mean square without subtracting the mean.

Shard — one manageable file or partition of a larger dataset, used for storage and parallel reading.

Softmax — the function that turns a list of scores into positive weights summing to one.

Supervised fine-tuning / SFT — additional training on demonstrated instruction-response or conversational behavior.

Token — one symbol from the tokenizer’s finite vocabulary, often a word or word fragment.

Training — adjusting parameters to reduce a loss over examples.

Value — the learned payload vector mixed according to attention weights.



18. Where to go next

Use this order:


	Rewatch Karpathy from the FineWeb section at 1:11 through the end of the GPT-2 section at 42:52. The labels should now attach to artifacts as well as mechanisms.

	Open the FineWeb dataset card and viewer. Read a few documents, then read the processing recipe. Notice the distance between a row of text and the crawl that produced it.

	Explore Brendan Bycroft’s LLM visualization, moving one token through embedding, attention, MLP, and softmax.

	Read Karpathy’s nanoGPT/model.py. Locate the embedding lookup, attention, MLP, block, final norm, and vocabulary projection. The repository is now a historical rather than current training stack, but its compact model code remains pedagogically useful.

	Read the simple reference implementations in llm.c when you want to connect the equations to explicit forward and backward kernels.

	Use Language Model Builder as a visual workbench if you want to watch dataset choice, pretraining loss, validation, checkpoints, sampling, and post-training appear in one coherent interface. It is a companion experience, not a prerequisite or a separate route through this guide.

	Continue to [[From GPT-2 to Kimi K3, From First Principles]] for linear attention, DeltaNet, KDA, hybrid MLA, Stable LatentMoE, and Attention Residuals.



A question-driven lab bench

Use external tools to answer a question, not merely to accumulate tools:




	If you are wondering…
	Inspect…
	Look for…




	“Where did this training text come from?”
	FineWeb and its DataTrove recipe
	source URL, document fields, filters, deduplication, revisions



	“What symbols does the model actually see?”
	Tiktokenizer
	whitespace, case, numbers, uncommon names, multilingual fragmentation



	“Where does this tensor go?”
	LLM visualization
	shape changes, residual additions, query-key-value flow



	“What is the smallest readable implementation?”
	nanoGPT/model.py
	classes corresponding to the equations in this guide



	“What does a live run expose?”
	Language Model Builder or a training dashboard
	train/validation loss, throughput, learning rate, samples, checkpoints



	“How do clear equations become fast kernels?”
	llm.c
	reference CPU code beside optimized GPU implementations




On the next pass, do not try to memorize every shape. Ask one question repeatedly:


Is this operation choosing symbols, representing features, moving information across positions, transforming features, preserving the workspace, controlling scale, measuring error, or making generation efficient?



Nearly every box in a Transformer belongs to one of those jobs.



Source and accuracy note

The foundational equations follow the original Transformer paper, the Layer Normalization paper, and the residual-network paper. GPT-2 dimensions and architecture follow OpenAI’s Language Models are Unsupervised Multitask Learners and the released implementation lineage represented by Karpathy’s nanoGPT and llm.c.

The practical data chapter follows the FineWeb dataset card, Hugging Face’s FineWeb processing article, the public DataTrove implementation, Hugging Face Datasets loading documentation, and Common Crawl’s overview. Corpus sizes and available crawl snapshots can change; the guide distinguishes the snapshot visible in Karpathy’s talk from the later dataset card verified on the date in the frontmatter. Descriptions of Language Model Builder follow its official site.

Kimi K3 architecture details follow Moonshot AI’s official repository, technical report, and the earlier Kimi Linear report. Vendor architecture disclosures are strong primary evidence for model structure. Vendor benchmark comparisons need separate scrutiny because harnesses, reasoning settings, tools, and evaluation conditions differ.

Karpathy screenshots and lightly cleaned transcript passages come from Deep Dive into LLMs like ChatGPT. The video’s own description grants free educational and individual-learning use, subject to its restrictions on commercial resale, external commercial use, redistribution, and misleading modification. Transcript edits here are limited to readability and correction of obvious caption errors.

The data-refinery and Transformer-workshop images are original conceptual illustrations generated for this guide. Their captions label them as metaphors. The tensor-shape, causal-attention, and document-packing diagrams are deterministic vector diagrams created for this guide; illustrative attention weights are explicitly not presented as measurements from a trained model.

The central claim of this guide is deliberately modest:


A Transformer is a stack of understandable operations. Its surprising abilities come not from one mystical box, but from learned representations, content-dependent retrieval, nonlinear feature computation, stable residual depth, enormous data, and enormous optimization.
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running. iy ot just state *T screued up. Sorry everyone.” and save on? Wy the excuses? Wy the deniol? Wy the possive language? Wiy the vague words and
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o IhugsinglocecospacesHuggingfoce e fnewev =beforex Harvard had to toke action. And, your behavior before this, regarding this issue, is nat indicative of soncane who'Rade on imocent mistoke. Its

o Ihuggingace cobpacesHuggingFace Wiblogpost neweb vl LG \nso what with this frantic ruaning? s the inobility to say “I was wrong" a pothalogical feature of Creationists? Or are you hiding something? Or is

o e A e it Him Yosthiogs 0 5
ety > et > Py > triatin...to my knowledge, Discovery Institute has neither authorized nor received nor is making use of any presentation that used that anination. We have
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4 Find more videos of more DI fellows, presenting this anination”\awshruge If youve set yourseif on fire, do nat run, OI. If yowwe done it, better adnit it to

The Fneeb pipelne Harvard now, apologize, and move on. A novel two-step inaunotherapy approach has shown clinically beneficial responses in patients with advanced ovarian
cancer. Following Lifestyle Recomendations Reduces Risk of Cancer Death\npeople who follow the diet and Lifestyle recomendations laid out by the NCRF and
the AICR have 20 percent reduced risk of dying fron cancer. UCSF Lounches Social Networking Site for Patients and Families with Hereditary Cancers\nFor
Innediate Release Way 14, 2013 UCSF Launches Social Networking Site for Patients and Fanilies... Genomic Test May Help Guide Prostote Cancer Treatsent\nThe
Oncotype DX Prostate Cancer Test strongly predicts aggressivenass of disease. Statins Linked to Lower Risk of Liver Cancer in Hepatitis C\nPeople infected
with chronic hepatitis C are less Likely o develop Liver cancer if they are taking statins.\rRadioismmotherapy (RIT) 1s o type of targeted therapy that
delivers radiation directly to cancer cells.... Urinary Incontinence\nOverview The urinary tract includes the kidneys, the ureters, the bladder, and the
urethra. The kidneys. . Advanced Directives\nliving Wills Every cospetent adult has, in most cases, the freedon to accept or refuse medical trestnent.
Caregiversrimat 15 Caregiving and Who are Caregivers? Caregivers are individuals Who provide care to chronically... Chenotherapy for Older Patients: What
You'Should Know About the Risk of Infection\nAs you nay already know, chesotherapy works by attacking the ropidly dividing cells it finds in the
body, . \nan ongoing series hishlighting cosplenentary therapias, adapted from The Cospleta Guide to Conplementary... Clear and precise\nohs surgery
provides a tissue-sparing approach to skin cancer surgery. By Eleanor Mayfield Hichele Kelsey... Chemical Reaction\nCheaicals nay be disrupting our hormones
Zand our health. By Laurie Wertich Exposure to synthetic chemicals... College Kids Kick Cancer\ny Diana Price College kids and Cancer-not two topics sost
of s would inmediately connect. And yet... Cooking with Fruits and Vegetables\nn the introduction to Ripe: A Fresf, Colorful Approach o Fruits and
Vegetables (Running Press, 2011:...\nAnnual meeting brings together cancer experts from around the world. Kori Bohlké, Scb The 2011 Annual... Bone Fractures
in Breast Cancer Patients More Frequent with Fenara than with Tamoxifen\nResearchers affiliated with the BIC 1-98 Collaborative and International Breast
Study Groups... Single Treatpent with High-intensity Facused Ultrasound Effective for Localized Prostate Cancer\mResearchers fron Mcaster University in
Canada have reported that high-intensity focused... Marital Separation Inpacts Cancer Survival\iResearchers fron the University of Iniana and the Fox Chase
Cancer Center.... 2009 Oncology Conference Coverage View up-to-date coverage of the 2088 Oncology Conference here, Free the Cans! Working Together to Reduce
Waste\nIn 3 biog about how people Share, it's worth the occasional reference to the bizarre vays that people DIN'T SHARE. Is it safe to say we Live in o
Society that places great value on independence, private property, personal space, and privacy? Even sonetines extreme value? Is that why people ot an 8-
Unit apartnent building in Oakland, CA have Sepsrate caged stalls for eight separate trash cans? I Know 1t's fot nice to store, but 1 walked by these
incarcerated cans and could not heip nyself. 1 returned with ny casera, So that 1 could share my question with the world: Mhy can’t people share trash cans
or a single dumpster? Or, at the very least, why Can’t the cans share driveway spaceT\nThe Zero Waste Movenent has cone {0 the Bay Area and it calls for a
new use for these eight cages. Here are iy Suggestions:\n- Turn two of those cages into compost bins. FALL one with grass, leaves, and vegetable scraps, let
it deconpose for six months, then start filling the second bin in the seantine.\n- PUt in a green can, which is what Ooklond uses to collect milk cartons,
pizza boxes, yard trimmings, and all food o send Lt to the municipal composting facility. 1f your city doesn’t do this yet, tell them it's a great idea and
They could be as cool and cutting edge as Oakland.\n- Put in one or two recycling cans for glass, plastic, cardboard, paper, aluninum, etc.\n- Put out a
FREE STUFF box for unwanted clothing and household itess. The neighbors could sort through 1t each week, and later put it oyt on the curb for passers-by to
explore. Take what’s 1eft to Gooduill or a conparable donation spot.\n- PUt in a few small bins for various items that can be recycled, such asbatteries and
electronics, vhich can then be taken to an clectronics recycling center every month or two. Styrofoas can be brought to a local packaging Store or ceramics
business that accepts used packaging naterial. Or, if you accusulate a bunch of plastic bags, take the o a store or to some other place that accepts used
ones.\n- Put in ONE trash con. By the time you compost, recycle, re-use, redistribute, and take a fou other measures to reduce your waste, you'LL have
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