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ABSTRACT

The Transformer of 2017 still sits at the core of every current large language model, yet almost
everything around it has been rebuilt, some parts repeatedly. This survey traces the architectural
development of text-only LLMs from 2017 to early 2026 as four epochs, each driven by a concrete
bottleneck. In the exploration epoch (2018–2019), encoder-, decoder-, and encoder-decoder designs
competed, and decoder-only prevailed for structural reasons that paid off only later. In the scaling
epoch (2020–2022), capability was bought with parameters and data, while the first efficiency ideas
failed for lack of a binding problem. In the efficiency epoch (2023–2024), inference cost became
that problem: the field converged on the modern decoder recipe, attacked the KV cache factor by
factor (GQA, MLA, sliding windows, paging), and revived mixture-of-experts and recurrent sequence
mixing; nearly every mechanism was a rediscovery of a previously shelved idea. In the convergence
epoch (2025–2026), independent model families arrived at the same design principle: a small minority
of full-attention layers, interleaved with linear mixers and routed experts, retained to restore the
exact recall that fixed-size states surrender. In parallel, reasoning models opened a test-time-compute
axis whose cost lands on the same object: the memory a model carries per generated token. I
synthesize four long-run development lines, compare the architecture families qualitatively, and state
the open problems, including the 2026 dissent over the attention operator itself. Every core concept is
explained once and in full, so the survey serves simultaneously as an introduction for students and a
reference for researchers.
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1 Introduction

1.1 Motivation and research questions

In June 2017, a machine-translation paper proposed doing away with recurrence and convolutions in favor of an
attention-only architecture Vaswani et al. (2017). Nine years later, its descendants write software, pass professional
examinations, and reason through problems token by token, and the architecture at their core is still the one that paper
drew. Yet everything “around” that core has been rebuilt: how models are trained, how large they are, which parameters
a token touches, how attention is paid for, and above all, how much memory a model must carry for every token it
generates.

A newcomer who opens the literature today faces this history in shuffled form: thousands of papers, dozens of named
mechanisms (e.g., GQA, MLA, MoE, SSM, NSA, . . . ), and survey treatments that either explain everything at once or
one axis at a time. What is hard to find is the “story” behind the evolution, the problem each wave of architectures was
solving, why particular answers won while technically impressive alternatives vanished, and why ideas pronounced
dead in 2020 run the frontier in 2026. This survey tells that story, and commits to discipline while telling it: every
architectural wave is presented as a response to a concrete, nameable bottleneck, and every “winner” comes with an
honest account of what it cost.

Three research questions organize the paper:

RQ1 (descriptive): Which architectural approaches and optimizations were developed between 2017 and 2026, and
how do they build on one another?

RQ2 (analytical): Which bottlenecks drove each wave of development (e.g., trainability, capability, inference cost,
context length, reasoning), and with which trade-offs were they resolved?

RQ3 (synthetic): Which long-run development lines emerge, where, and on what, has the field converged as of 2026?

Figure 1 maps the terrain these questions cover: the principal papers of this survey’s corpus on one timeline from 2017
to 2026, grouped by research line and connected by descent.

1.2 Scope

The subject is the architecture of text-only large language models: the sequence-mixing operator and its inference
state, parameter activation (dens vs. routed), the components of the block, and the optimizations that act on them (cache
compression, attention sparsification, hybrid layer allocation). Scaling and alignment appear to the extent that they
explain architectural development: scaling laws reshaped what models were built, and RLHF (Reinforcement Learning
from Human Feedback) turned them into the deployed systems whose serving cost then drove the architecture. Outside
the scope entirely: other modalities and their fusion architectures, training infrastructure and parallelism, prompting
techniques and applications, and benchmark league tables.

Note on the scope: Since GPT-4 (March 2023), no closed frontier lab has disclosed a model architecture. This servery
therefore treats closed models as milestones in the narrative while conducting technical analysis only where primary
documentation exists. Additional note on evidence: mechanisms and number in this survey are draw from the primary
papers, and quantitative comparisons across models are deliberately avoided: the published figures of this literature
are self-reported under training data, budgets, and evaluation protocols, so cross-model tables in this survey compare
designs qualitatively rather than scores numerically.

1.3 Related surveys

Encyclopedic surveys, most prominently the continuously updated Zhao et al. (2026) and its successors, cover the
entire LLM lifecycle: data, training, adaptation, evaluation, applications. Architecture is one chapter among many,
treated as an inventory. This paper is the complement, narrow in subject and deep in development: it explains why the
inventory looks the way it does.

Single-axis surveys treat one architectural dimension exhaustively: efficient attention (Tay et al. (2022)) foundational
taxonomy, which predates Mamba and the hybrid wave; Sun et al. (2025) recent “Speed Always Wins”, the strongest
current catalogue of efficient architectures including hybrids and diffusion LLMs), mixture-of-experts (MoE) Cai et al.
(2025), state-space models (Qu et al. (2026)), small models Sakib et al. (2025), and reasoning Zhang et al. (2026).
These are reference works for their axes; none narrates how the axes interact over time, and the central developments of
2023-2026 (GQA → MLA, the recurrence renaissance, hybrid convergence, reasoning’s cost landing on the cache) are
precisely interactions between axes.
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Figure 1: Genealogy of LLM architectures, 2017–2026, on a single time axis. Ten research lanes run top to bottom
(foundations, scaling and alignment, the modern decoder standard, mixture-of-experts, classical efficient attention,
natively trainable sparse attention, hybrid architectures, linear attention and state-space models, small models, reasoning
and alternative paradigms), and time runs left to right at the arXiv v1 date (release date for GPT-1, GPT-2, and o1).
Filled chips are core papers of this survey’s corpus, outlined chips supporting ones, and double-ruled chips hybrid stacks;
edges denote conceptual descent in the color of the parent’s lane, and the heavy arrows enter the hybrid lane from above
(attention lineage) and from below (recurrent lineage). Read across the 2023 boundary, the timeline shows three things
at once. Lanes that dominate 2023–2026 are seeded in 2019–2021 and then lie fallow (Sparse Transformer, Switch
Transformer, Linear Transformers, S4): the seed→harvest pattern of Section 7.1. After 2023 the modern-decoder recipe
consolidates, MoE returns to production (Mixtral → DeepSeek-V3 → Kimi K2), and the linear/recurrent line matures
(Mamba → Mamba-2 → Gated DeltaNet); the two lineages meet in the hybrid lane, from Jamba and Griffin/Samba
to MiniMax-01, Nemotron-H, Nemotron 3, and Kimi Linear. MiniMax-M2 (top right, 2026) marks the return to full
attention, the dissent of Section 6.7, visible on the timeline itself. A chip’s row within a lane only prevents overlap and
carries no meaning.
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Historically framed treatments of the Transformer lineage exist but stop before the epoch that motivates this paper
(the 2025–2026 convergence of independent families on hybrid designs, trainable sparsity, and the test-time-compute
axis) or shift to the systems level.

Against all three groups, this survey’s contribution is the combination of: (a) a bottleneck-driven narrative, with
architectures explained as answers to binding constraints, including why losers lost and why failed ideas returned; (b)
coverage through early 2026, including the hybrid convergence, its parameter-level dissent, and the interaction of
reasoning with inference state; and (c) a didactic architecture designed to serve as a first text as well as a reference,
described next.

1.4 How to read this survey

The paper is organized as four epochs, each defined by its binding bottleneck, each told in the same shape: Setting
(what constrained the filed), Developments (the new approaches, from their primary sources), Retrospect (what won,
what lost, why, and at what trade-off).

• Chapter 2 (Foundations): the 2017 Transformer, explained in detail. Its KV-Cache (2.5) is the single most
load-bearing section of this paper.

• Chapter 3 (Epoch I, Exploration, 2018-19): encoder/decoder/both; why decoder-only won.
• Chapter 4 (Epoch II, Scaling, 2020-22): GPT-3 scaling laws, RLHF, and the first premature efficiency wave.
• Chapter 5 (Epoch III, Efficiency and the open wave, 2023-24): the modern recipe, the attacks on the cache,

the MoE and recurrence renaissance, first hybrid, and small models.
• Chapter 6 (Epoch IV, Convergence and new axes, 2025-26): hybrid convergence and its dissent, trainable

sparsity, text-time compute, the trillion-scale open frontier.
• Chapter 7-8: synthesis (four development lines, comparison, open problems) and conclusion.

A Note on how to read: every core concept is explained once, in full, at the point where it enters the mainline; everything
later is a delta against that explanation. A reader with Transformer background can skim Chapter 2 and rely on the
back-references; a reader without it should read Chapter 2 carefully, after which every later mechanism in the paper is
at most one step from something already explained. Mathematical notation is kept minimal and uniform (see 2).

2 Foundations: The Transformer

Every architecture in this survey is a descendant of one model: the Transformer, introduced by Vaswani et al. (2017) in
2017 for machine translation. This chapter explains that model in detail, because the rest of the survey is written as a
series of deltas against it. Every reader should understand the core mechanisms, in particular the KV cache (sec. 2.5),
as this is crucial for understanding the improvements and optimizations that emerged in the years that followed.

The chapter works form the outside in, and its level rises as it goes. Section 2.1 shows the whole model, deliberately
at a level a newcomer to the field can follow. In the following sections elements and formulas (e.g., attention, block,
embedding, kv-cache, quadratic problem) are discussed in greater depth and detail, offering added value even for
readers who are already familiar with the topic.

Table 1 collects the notation used throughout the survey. Symbols that occur in a single section only are defined where
they appear.

Table 1: Notation used throughout the survey. The values these quantities take in the original base model are listed in
table 3.

Symbol Definition

n Length of the input sequence, measured in tokens.
d Model dimension: the number of components of the vector that represents one token.
L Number of blocks stacked to form the model. The original paper denotes the same quantity by N .
h Number of attention heads computed in parallel within one attention sublayer.
dh Dimension of a single attention head, equal to the model dimension divided by the number of heads.
hkv Number of key/value heads. Equal to h in the original design; smaller in several later variants.
dff Inner dimension of the position-wise feed-forward network.
|V | Size of the vocabulary: the number of distinct tokens the model can read and produce.
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2.1 Architecture overview

What it was built for. The Transformer was originally built as a translation model: it reads a sentence in one language
and writes it in another. In 2017 the standard design for this task was a pair of recurrent networks, an encoder that
read the source into a sequence of vectors and a decoder that produced the translation one word at a time, joined by
an attention mechanism that let the decoder look back at the source while writing (Sutskever et al., 2014; Bahdanau
et al., 2015). Tokens flow through a recurrent network in strict order, so training cannot be parallelized, and information
from distant tokens has to survive a long chain of intermediate steps. The Transformer keeps the encoder-decoder
architecture, the attention, but removes the recurrence: every position is processed in parallel, and the distance between
any two tokens is one attention step. Vaswani et al. (2017) argue the case on three criteria: (1) computation per layer,
(2) the number of operations that must run in sequence, and (3) the path length between distant positions. The practical
payoff was speed: the model reached a new state of the art translation quality after as little as twelve hours of training
on eight GPUs (Vaswani et al., 2017).

What it is made of. Underneath, the Transformer is an ordinary neural network (NN). Every token is represented by
a vector of d numbers, so a sentence of n tokens is an n× d matrix. Each layer transforms that matrix by multiplying it
with learned weight matrices and applying a simple nonlinear function. Furthermore layers are stacked like hidden
layers in an NN, so the output of one is the input of the next. The model follows the basic principle of machine learning
(ML): nothing is programmed by hand: the weights start random and are adjusted by gradient descent to reduce a loss;
here the cross-entropy loss between the model’s predicted distribution over the next token and the token that actually
follows. What distinguishes the Transformer from other networks is not this recipe but the particular layer types it stacks
and the way it arranges them. One structural fact organizes the rest of this chapter: inside the stack, every layer maps an
n× d matrix to an n× d matrix. Only the two ends change shape, the embedding at the bottom, which turns token
identities into vectors, and the output head at the top, which turns vectors back into probabilities over the vocabulary.

Reading the figure. Figure 2 shows the model architecture from Vaswani et al. (2017). It is read from the bottom up:
the Left stack is the encoder, which receives the source sentence; the right stack is the decoder, which produces the
translation. Each stack is L = 6 identical blocks, and the whole architecture is assembled from five kinds of building
blocks:
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Figure 2: The Transformer as encoder-decoder, with the building blocks color-coded. Left: the encoder reads the source
sentence. Right: the decoder writes the target, attending to its own earlier tokens (masked), and through cross-attention,
to the encoder’s output. (Based on Vaswani et al., 2017, Figure 1)

• Token embedding and positional encoding (sec. 2.4), which turn input tokens into vectors and adds unique
positional information.

• Multi-head attention (sec. 2.2), the core of the architecture that enables the model to learn information and
dependencies between tokens in a sequence.

• The feed-forward network (sec. 2.3), processes each token’s representation independently through non-linear
projections to store factual knowledge and learn richer, higher-level feature abstractions.

• Add & norm (sec. 2.3), the residual connection and layer normalization wrapped around every sublayer.
Enabling information to pass throw the network without changes, to reach deeper layers.

• Linear and softmax (sec. 2.4), which turn the output vector of the decoder into a probability distribution to
select the next, following generated token.

The two stacks read differently. The encoder sees the whole source at once: every position may attend to every other, so
its output vector already reflects the following tokens. The decoder writes the target left to right, and each of its position
may attend only to earlier target positions, but also through cross-attention, to the entire encoder output.

How it is trained. The model is trained by teacher forcing: the decoder receives the correct translation, shifted
one position to the right and prefixed with a start symbol (< s >), and learns to predict at every position the token
that comes next (Table 2). Because all positions are computed in parallel, one pass over the sentence yields twelve
predictions at once, and the loss is the cross-entropy summed over them. The shift is what prevents cheating: the input
at position t is token t− 1, so the prediction for token t never sees token t itself. The causal mask of section 2.3 closes
the remaining loophole, attention to tokens further to the right.
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Table 2: Decoder teacher forcing example: “<s> The animal didn’t cross the street because it was too tired”. Shown at
word level for readability; the actual tokens are subwords (see Section 2.4).

Position 1 2 3 . . . 10 11 12

Decoder input <s> The animal . . . was too tired
Target The animal didn’t . . . too tired </s>

Reference configuration. Table 3 lists the base configuration of the original paper. Its number are the survey’s
reference point: the parameter arithmetic of section 2.3 and the cache arithmetic of section 2.6 both start from them.

Table 3: The base configuration of the Transformer from Vaswani et al. (2017, Table 3).

Symbol Meaning Base model

L(formerN) number of transformer blocks 6
d embedding dimension 512
h number of attention heads 8
dh dimension per head 64
dff feed-forward dimension 2048
|V | vocabulary size (byte-pairs) ≈ 37,000

Σ total parameter count 65 M

2.2 Scaled dot-product and multi-head attention

A language model has to solve a routing problem: the meaning of a token depends on other tokens, and which ones
matter changes from sentence to sentence. In “The animal didn’t cross the street because it was too tired”, resolving it
requires looking at animal, but swapping tired for wide and the relevant token becomes street. Recurrent networks, the
dominant architecture before 2017, handled this by passing a summary vector form token to token: a game of telephone
in which distant information had to survive many intermediate steps. Self-attention removes the telephone line: every
token looks at every other token directly, in a single step, and learns where to look.

The mechanism is a soft lookup. From its current representation, every position derives three vectors through learned
linear projections: a query (“what am I looking for?”), a key (“what do I contain?”), and a value (“what do I contribute
if selected?”). Positions i scores its query against every key by a dot product, converts the scores into weights with a
softmax, and returns the weighted average of the values. Stacking the queries, keys and values of all n positions into
matrices Q, K, V , the whole operation is two matrix products:

Attention(Q,K, V ) = softmax

(︃
QKT

√
dh

)︃
V (1)

The division by
√
dh is a numerical safeguard: for high-dimensional vectors the dot products grow large (their variance

scales with dh), which pushes the softmax into saturated regime with vanishing gradients. Rescaling with the vector
dimension of the attention-heads restores unit variance Vaswani et al. (2017).

Figure 3 shows what the weights look like on the example, for one head, for one head, with queries as rows and keys as
columns. In panel (a) the row of it places most of its weight on the key animal; in panel (b), with tired swapped for
wide, the same row moves its weight to street. Ever row sums to one. Panel (c) shows the casual mask explained in
section 2.3.
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Figure 3: The attention weights of one head as an n × n matrix, queries as rows and keys as columns. Left: in
“. . . because it was too tired” the row of the query it places most of its weight on the key animal. Right: with tired
swapped for wide, the same row shifts its weight to street. Every row sums to one; the weights are illustrative, not
measured.

A single attention operation can only express one pattern of relevance per position, because the softmax averages
everything it selects. The Transformer therefore runs h heads in parallel (h = 8 in the original base model), each with
its own projections at reduced dimensions hh = d

h , and concatenates and re-projects their outputs:

MultiHead(Q,K, V ) = Concat(head1, . . . ,headh)W
O, headi = Attention(QWQ

i , KWK
i , V WV

i ) (2)

Because each head works at 1
h of the full dimension, the total cost is close to one full-dimension head, but the heads can

specialize: one may track syntactic dependencies while another tracks coreference Vaswani et al. (2017). Two structural
facts, easy to overlook here, drive much of the later story. First, the attention weight matrix has n× n entries, since
every query meets every key, causing the quadratic cost analyzed in section 2.6. Second, in this original design every
head carries its own keys and values, so the number of key/value heads hkv equals h. Later work (sec. 5.3) breaks
exactly this identity, which is why hkv is carried as a separate symbol in this work from the start.

Figure 2 contains this attention mechanism three times. In the encoder’s self-attention, queries, keys, and values all
come from the same source sequence and every position sees every other. In the decoder’s self-attention they come
from the target sequence, and a mask restricts each position to its left, to ensure that the next token to be predicted by
the model is not already provided as the solution. In cross-attention the queries come from the decoder and the keys and
values from the encoder’s output.

2.3 The Transformer block

Attention is embedded in a repeating unit, the Transformer block, which is stacked L times from each stack of the
model. Every sublayer in the block maps an n × d matrix to an n × d, and every sublayer is wrapped in the same
pattern, LayerNorm(x+ Sublayer(x)), a residual connection followed by a normalization, drawn as Add & Norm in
Figure 2. An encoder block has two sublayers, self-attention and a feed-forward network; the original decoder block
hast three, with cross-attention inserted between them.

Masked multi-head attention. The decoder’s self-attention carries a mask. Before the softmax, every score between
a query at position i and key at position j > i is set to −∞, so that the corresponding weight becomes exactly zero after
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the softmax; the surviving weight form a lower triangle. The purpose is consistency between training and inference.
During training (Table 2) all positions are predicted in parallel from the shifted target, without the mask position t could
simply read its answer from position t+ 1. At inference the future does not exist yet, so a model that had learned to
rely on it would fail. Panel (c) of Figure 3 shows what the mask does to the example. An encoder has no mask and such
constraint, which is why panels (a) and (b) are legitimate encoder patterns and not decoder ones. Section 3 returns to
this difference as the divide between BERT and GPT.

Feed-forward network. The second sublayer is a position-wise feed-forward network (FFN): two linear layers
with a ReLU activation in between, FFN(x) = max(0, xW1 + b1)W2 + b2, applied to every position independently
and identically, with an inner dimension dff = 2048 against d = 512 in the base model (Vaswani et al., 2017). No
information crosses positions here. If attention is where a token gathers what it needs from the rest of the sentence, the
FFN is where it works on what it gathered. Interpretability work later found that these layers behave like key-value
memories in which patterns and facts are stored (Geva et al., 2021): the FFN is where the model keeps most of
what it knows, while attention decides where information flows. If we take a closer look at the parameter count, this
interpretation seems plausible. Per block, four attention projections hold 4d2 parameters and the two FFN matrices
2 · d · dff = 8d2; at d = 512 that is about 4.2 million against 16.8 million, so roughly three quarters of the parameters in
a dense block sit in the FFN. Section 5 shows how mixture-of-experts exploits precisely this imbalance, replicating the
FFN many times while activating only a fraction of it per token inference.

Residual connections. Each sublayer adds its output to its input rather than replacing it. The idea came from computer
vision, where stacking more layers had made networks harder to train, not better, until He et al. (2016) let every layer
learn only a correction to its input. Two things follow. Gradients have a direct path from the loss to every layer, so early
layers keep learning even in deep stack. And a single d-dimensional vector per position, the residual stream, flows
through the entire depth of the model, with every sublayer writing incremental updates to it. Interpretability work later
showed that this stream behaves like a prediction being progressively refined layer by layer (Geva et al., 2021).

Layer normalization. For each position, layer normalization centers the input vector x ∈ Rd by subtracting its mean
µ and scales it to unit variance using the standard deviation σ across its d feature dimensions. Subsequently, it applies a
learned gain parameter γ and bias β (Ba et al., 2016):

µ =
1

d

d∑︂
i=1

xi σ =

⌜⃓⃓⎷1

d

d∑︂
i=1

(xi − µ)2 + ϵ LayerNorm(x) = γ ⊙ x− µ

σ
+ β (3)

Without it, the magnitudes in the residual stream drift as depth grows and training becomes unstable. The position of
the normalization in the network was original after each residual sum (“post-norm”), which interrupts the stream once
per sublayer; in later variants its placed before the sublayer (“pre-norm”) leaving the stream unbroken and trains more
stably at depth (Xiong et al., 2020), and it became one of the changes of the modern recipe (sec. 5.2). Figure 4 shows
both arrangements.

Cross-attention. The decoder’s third sublayer is attention with a different wiring: queries from the decoder’s residual
stream, keys and values from the encoder’s final output. For the task originally intended translation task (text from one
language to another), the decoder has access to the unmasked attention of the sequence, but in the source language, and
is expected to learn the next tokens of the target language in this context. In the language-model line of this survey the
sublayer disappears together with the encoder (sec. Section 3).
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Figure 4: One Transformer block, in both normalization placements. Left: the original post-norm arrangement of 2017,
in which the residual stream (heavy vertical line) is interrupted by a LayerNorm after each residual addition. Right: the
pre-norm arrangement that later became standard (Section 5.2), in which normalization moves inside each branch, the
stream runs unbroken, and a single final norm follows the last block.

2.4 Embeddings, positional encoding, output layer

Four components sit outside the repeating block. Two before turn text into the n× d matrix the block operate on; two
after turn the final matrix back into a choice of the next token.

Tokens. The model does not operate on word or character level. A tokenizer first splits text into units from a fixed
vocabulary of subwords, learned from the training corpus by byte-pair encoding: Throughout the entire training text,
frequently occurring pairs of characters are combined into a single token. This process is repeated until the desired
number of token pairs (the vocabulary) is reached (Sennrich et al., 2016). The result is that frequent words stay whole,
rare words fall apart into pieces, and nothing is ever out of vocabulary The original English-German model uses one
vocabulary shared between both languages of about 37,000 tokens. On the example animal and street are single tokens,
while didn’t and überquerte split into two or three (e.g., didn ’t and ü ber qu ert ). The tokenizer fixes |V |, and with
it the size of the two matrices that follow.

Token embedding. An embedding is a learned table with |V | rows and d columns; token number k becomes row k.
This is the first change of shape in the model: a sequence of n token identities becomes the n × d matrix on which
everything else operates. The table is large, at |V | ≈ 37,000 and d = 512 it holds about 19 million parameters, nearly a
third of the base model, and scale its rows by

√
d before use (Vaswani et al., 2017).

Positional encoding. Self-attention is blind to order: shuffle the input tokens and the outputs shuffle correspondingly,
because attention weights depend only on content. The original model injects order by adding a positional encoding to
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the token embeddings at the beginning of the stack, a fixed vector per position built from sinusoids of geometrically
spaced wavelengths:

PE(pos, 2i) = sin
(︂ pos

100002i/d

)︂
, PE(pos, 2i+1) = cos

(︂ pos

100002i/d

)︂
(4)

Each pair of dimensions oscillates at its own wavelength, from 2π to 10000 · 2π, so every position receives a unique
signature across the d dimensions, much as the hands of a clock identify the exact time. This mechanic was chosen
for two hoped-for properties: that a fixed offset corresponds to a fixed linear transformation of encoding, which
should make relative positions easy to learn, and that the model might extrapolate to lengths unseen in training; a
learned table of position vectors performed identically in their experiments (Vaswani et al., 2017). Two consequences
matter downstream. Position enters once, additively, at the start of the stack, so it is a property of the representation
rather that pf the attention operator; and the coding is absolute. Both hopes were only partially fulfilled, and position
encoding remained a site of persistent renovation, with RoPE, ALiBi, and YaRN revising exactly these two properties
(sec. 5.2, 5.3).

Linear and softmax. At the end of the decoder stack, a linear layer maps each position’s d-dimensional vector to |V |
scores, the logits, one per vocabulary entry, and a softmax function turns them into a probability distribution over the
next token. This is the second change of shape: n× d becomes n× |V |. the linear layer is another |V | × d matrix, and
the original model shares it with the embedding table, so the row that represents it on the way in also scores it on the
way out (Vaswani et al., 2017; Press and Wolf, 2017). During training all n rows of the output are used, one prediction
per position (Table 2); during inference only the last row matters.

From distribution to text. A distribution is not yet a token. Figure 5 follows one step: after . . . because it was too,
the top-of-stack vector of the last position passes through the linear layer and the softmax, and the resulting distribution
splits between tired and wide, the two continuations already met in section 2.2. Nothing in the input rules either one
out, so the model assigns probability to both, with tired ahead. A decoding rule then commits to one token: the most
probable one (greedy decoding, which takes tired), a random draw from the distribution (sampling, which would return
wide roughly one time in four), or, in the original translation setting, a beam search that keeps the four most probable
partial outputs in play (Vaswani et al., 2017). Whatever the rule, the chosen token is appended to the input and the
model runs again. That loop is generation, and its cost is the subject of the next two sections.

Figure 5: One inference step. The d-dimensional vector at the top of the stack for the last position (too) passes through
the linear layer, which produces one logit per vocabulary entry, and the softmax, which turns the logits into probabilities.
The distribution splits between tired and wide; a decoding rule picks tired, which is appended to the input as position
12 and becomes the last position of the next step. Bar heights are illustrative, and the vocabulary is truncated to eight
entries.

2.5 Autoregressive inference and the KV cache

How a Transformer is trained and how it is used to generate text at inference are two different computational processes.
It lies in what each step computes and in what limits that computation, and after 2022 it became the dominant force in
architecture design.
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The Differ. During training the entire target sequence is known in advance, so all n positions are processed in one
parallel pass over the shifted input (Table 2). While during inference token generation is autoregressive: the model
reads the input, predicts one token, appends it, and runs again on the extended input, so sequence of n tokens costs n
forward passes. The causal mask of section 2.3 is what makes these passes consistent with the single pass of training.
Because no position ever attends to its right, the representation of position j is the same whether the sequence ends at j
or continues beyond it, in every layer of the stack. The model can be trained in parallel and used sequentially without
changing a single weight.

One token generation. The same consistency determines how much of each pass is genuinely new. Figure 6 continues
the step of the example from Figure 5: tired has been appended as position 12, and one head of one block now processes
the twelve-token input. Consider the n × n attention matrix of that head under the causal mask, as in panel (c) of
Figure 3. Row i is computed from query i and the keys of positions 1 to i; nothing tp its right enters. When the sequence
grows from eleven position to twelve, rows 1 to 11 are therefore exactly what eleven earlier steps already computed;
recomputing would only reproduce known numbers. Row 12 is the only new row, and needs: the query of the new
position and the keys of all twelve positions. The weighted sum that follows behaves the same way: only output row 12
is needed, and it needs the values of all twelve positions. Everything else in the step is either unchanged or unused. The
queries of positions 1 to 11 are unused, because a query serves only its own row.

The cache. The keys and values of positions 1 to 11 are unchanged, which makes them safe to store: each is a
position-wise projection of that position’s representation (Section 2.2), which the causal mask guarantees never changes.
Keys and values of the past are frozen. At each step the model computes query, key, and value for the one new position
only, appends the new key and value to a buffer, and lets the single new query attend over the entire buffer. That buffer
is the key-value cache (KV cache). In Figure 6 it holds eleven keys and eleven values (blue): the step adds k12 and v12
(orange), computes one row of attention weights and one output row, and hands that row to the output head of Figure 5.
Without the cache, every step would push the entire prefix through the stack again, and the arithmetic per step would
grow with the length of the prefix; now each step performs one position’s worth of arithmetic and reads what earlier
steps have stored. The bookkeeping repeats in every head of every block, so the cache is not one buffer but L · hkv of
them.

The cost. Caching the keys and values of earlier computation comes with a cost. The computational overhead reduces,
but the memory cost increases: per token each of the L blocks stores one key and value for each of the hkv heads of
width dh, so a sequence of length n tokens occupies

2⏞⏟⏟⏞
K and V

· n · L · hkv · dh (5)

elements. For the base model of Table 3 that is 2 · 6 · 8 · 64 = 6,144 entries per token, 12 KB at 16-bit precision. Every
factor except n s fixed at design time, and was later (discussed in Section 5) changed by some architectural proposal:
hkv by grouped-query attention, the product hkvdh by low-rank compression (MLA), L by hybrid stacks in which only
a minority of blocks keeps a cache, and the dependence on n itself by operators whose state does not grow at all.

Memory bandwidth. Why the cache matters so much becomes clear from the two phases of generation. During
prefill, the prompt is processed all at once: attention is a pair of dense matrix products over all positions in parallel,
exactly the workload GPUs are built for, limited by raw compute, and computationally the same regime as training;
its by-product is the initial cache. During inference, the model emits one token per step, and each step must read the
entire cache, together with the model weights, from memory to perform one position’s worth of arithmetic. Inference is
therefore bound not by compute but by memory bandwidth; in the words of Ainslie et al. (2023), decoder inference is
bottlenecked by “the memory bandwidth overhead from loading decoder weights and all attention keys and values at
every decoding step”.
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Figure 6: One decoding step with the KV cache, continuing Figure 5: tired appended as position 12, one head of block
processes the twelve-token input, laid out as the matrix product (Q left, KT top, mask attention matrix center, V right).
Weights are illustrative, not measured.

2.6 The quadratic problem

The costs of this architecture, made explicit, define the agenda for the entire efficiency literature.

Compute. A self-attention layer costs O(n2 d) operations, because all n queries meet all n keys. Vaswani et al. (2017)
tabulate this against O(nd2) for a recurrent layer and note the condition under which attention wins: it is cheaper than
recurrence only while n < d. For the sentence-length sequence of 2017 (n in the tens, d = 512) the condition held
comfortably. For the long-context models of 2020s (n in the hundreds of thousands, d in the low ten-thousands) it fails
by orders of magnitude, and the failure was anticipated: the same paper already sketches restricted self-attention over a
local neighborhood as future work, the seed of the entire sparse-attention line (Vaswani et al., 2017).

Memory. The KV cache grows linearly in n, but it is re-read at every decode step, so the bandwidth cost accumulated
over generating n tokens is itself quadratic. Quadratic compute is a prefill problem; linear state growth is a decode
problem. Keeping the two apart is essential for reading the literature: FlashAttention (Section 5.3) is an exact-attention
implementation whose gains are in memory traffic, not operation count, while linear-attention models (Section 5.5)
change the asymptotics themselves.

A back-of-envelope example makes the stakes concrete. Take a typical dense 7B-parameter model of 2023, with L = 32
blocks, h = 32 heads (full multi-head attention), and dh = 128: the cache costs 2 · 32 · 32 · 128 = 262,144 entries per
token, i.e. half a megabyte at 16-bit precision. A single 128k-token context then occupies roughly 64 GB, the cache
alone outweighing the model’s own weights ( 14 GB) several times over, before any batching. Numbers of this kind,
not accuracy curves, explain why the years after 2022 produced GQA, MLA, sliding windows, linear attention, and
ultimately the hybrid stacks of 2025–2026.
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3 Epoch I: Exploration (2018–2019)

3.1 The setting

In early 2018 the Transformer was a machine-translation architecture: an encoder-decoder trained from scratch on
parallel text and evaluated on translation benchmarks. Within eighteen months it became the standard architecture of
natural language processing. The decisive change was not on scale but a new training paradigm, pretraining. Instead of
training a separate model per task on scarce labeled data, a model is trained once on large amounts of unlabeled text with
a self-supervised objective, predicting held-out or upcoming tokens, and is then adapted to each downstream task by
fine-tuning. Pretraining thus turns raw text into a supervision signal. The open question of the epoch followed directly:
which part of the Transformer is pretrained, and with which objective? Three answers appeared between mid 2018 and
late 2019, each retraining a different subset of the original encoder-decoder: the encoder alone (BERT, Section 3.2), the
decoder alone (GPT, Section 3.3), or both stacks (T5, Section 3.4). All three share the attention operator, the block,
and the position scheme of Section 2. They differ in two coupled design choices: the attention mask (bidirectional or
causal) and the pretraining objective (masked, next-token, or span corruption). These two choices determine whether
the model can generate text, whether it can use the KV cache of Section 2.5, and what fraction of the training tokens
yields a supervision signal. Section 3.6 compares the three variants on exactly these properties.

3.2 Encoder-only: BERT and masked language modeling

BERT (Devlin et al., 2019) retrains only the encoder stack. The causal mask is removed, so every position attends to
every other position in both directions; the decoder, and with it the cross-attention, is dropped. The authors describe the
architecture as otherwise “almost identical” to the original; the contribution is the pretraining objective. A bidirectional
model can see the next token, so next-token prediction is not a valid objective for it. BERT instead uses masked
language modeling: 15 % of the input tokens are selected, most of them are replaced by a dedicated mask token, and the
model predicts the original tokens at these positions from the context on both sides. A second objective, next-sentence
prediction, trains the model on the relation between two text segments.

BERT-Large (L=24, d=1024, 340M parameters) set the state of the art on eleven language-understanding benchmarks.
On GLUE it scored 80.5, against 72.8 for the best decoder-only model at the time, GPT-1 (Section 3.3) (Devlin et al.,
2019). For tasks that map a given text to a label or a span (classification, extraction, question answering), bidirectional
context is the more suitable inductive bias, and encoder-only models remained the standard choice for these tasks for
several years.

The design has two structural limitations, both consequences of the mechanics in Section 2. First, an encoder-only
model cannot generate text: masked prediction defines no ordering over positions, so there is no procedure for producing
tokens one at a time. Second, and decisive for deployment (Section 3.6), it cannot use the KV cache of Section 2.5.
Caching requires that a position’s keys and values are final once computed; in a bidirectional stack every representation
depends on both sides of the sequence, so appending one token changes all previous keys and values. In addition, the
objective is sparse: only the 15 % of selected positions contribute to the loss. The authors note this cost and expect that
more pretraining steps may be needed for convergence (Devlin et al., 2019).

3.3 Decoder-only: GPT-1, GPT-2, and next-token prediction

GPT-1 (Radford et al., 2018), published four months before BERT, retains the complementary half: the decoder stack
with its causal mask, without encoder and cross-attention. Its objective is standard language modeling, next-token
prediction. The targets are the input sequence shifted by one position, so every token of every sequence contributes to
the loss, without any additional labeling. The paper’s contribution is the complete transfer recipe: generative pretraining
on unlabeled text (a 12-block model trained on the BooksCorpus dataset), followed by discriminative fine-tuning with
one added linear layer per task. Its ablation quantifies the effect of pretraining: without it, the average score across the
evaluated benchmarks drops from 74.7 to 59.9 (Radford et al., 2018).

GPT-2 (Radford et al., 2019) keeps the architecture and scales it to 1.5B parameters over 48 blocks, with a byte-level
vocabulary. It introduces one architectural change with lasting consequences: layer normalization is moved from the
output to the input of each sublayer. This pre-norm placement stabilizes the training of deep stacks and became the
standard (Section 5.2). The conceptual change concerns the interface. If a task can be expressed as text (“translate to
French:. . . ”), a sufficiently good language model performs it without a task-specific head. Evaluated zero-shot, without
any fine-tuning, GPT-2 set the state of the art on 7 of 8 language-modeling datasets. The paper records two limitations:
zero-shot performance on most downstream tasks was still far from usable, and all four model sizes underfit the training
corpus (Radford et al., 2019). Both point to scale as the next variable, the subject of Section 4.
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3.4 Encoder–decoder: T5 and text-to-text

T5 (Raffel et al., 2020) retains the complete original architecture: encoder and decoder, connected by cross-attention,
the one component that the other two variants discard. Cross-attention is the attention operator of section 2.2 with
queries taken from the decoder and keys and values taken from the encoder output. On this architecture, Raffel et al.
impose a uniform text-to-text format: every task (translation, summarization, classification, and even regression) is cast
as text input and text output. The pretraining objective, span corruption, lies between masked language modeling
and next-token prediction: contiguous spans of the input are removed and replaced by numbered sentinel tokens, and
the decoder generates only the missing spans, in order. The encoder thus reads bidirectionally, the decoder writes
autoregressively, and the short targets keep the cost per training step low (Raffel et al., 2020).

T5 is as much a systematic study as a model. The paper reports hundreds of controlled comparisons of objectives,
architectures and transfer schemes, and its largest model (11B parameters) set a new SuperGLUE state of the art of
88.9, within one point of the human baseline (Raffel et al., 2020). One comparison is central to this survey. At matched
training compute, the encoder–decoder outperforms a decoder-only language model on GLUE by a wide margin (83.3
vs. 74.7). The authors note that the comparison is confounded: at equal FLOPs, the encoder–decoder has twice as many
parameters, and parameter-matched variants narrow the gap considerably (Raffel et al., 2020). On this evidence they
recommend the encoder–decoder form. At the end of 2019, the benchmark results thus favored bidirectional encoders
and gave no indication that decoder-only models would prevail.

3.5 Seeds of later lines

Three papers from 2019 introduced mechanisms that had little immediate effect but became central in later epochs. The
pattern recurs throughout this survey: efficiency techniques often precede, by several years, the bottleneck that makes
them necessary.

• Transformer-XL (Dai et al., 2019) lets a decoder reuse the hidden states of the previous text segment instead
of recomputing them. The cached states extend the effective context, and a relative position encoding makes
them addressable from the current segment. Carrying a fixed-size state forward instead of attending over the
full history is the principle behind the recurrent models of Section 5.5.

• Sparse Transformer (Child et al., 2019) factorizes attention so that each position attends to a structured subset
of positions, which reduces the cost to O(n

√
n). GPT-3 used its alternating dense and local pattern (Brown

et al., 2020), and the line of sparse attention it opened leads to Native Sparse Attention in 2025 (Section 6.3).
• Multi-query attention (Shazeer, 2019) shares a single key/value head across all query heads, which shrinks

the KV cache of Section 2.5 by a factor of h at a small cost in quality. The paper received little attention in 2019,
when decoding was not yet bound by memory bandwidth, and became the direct ancestor of grouped-query
attention (Section 5.3) four years later.

The epoch also produced a negative example. XLNet (Yang et al., 2019) trains an autoregressive model over permuted
factorization orders, which captures bidirectional context without a mask token, and it outperformed BERT across a
broad set of benchmarks. The approach was nevertheless not adopted: the two-stream attention it requires is complex,
and the simpler objectives it competed with reached comparable results at scale without additional machinery. This
is the first instance of a selection criterion that recurs throughout this survey: between two approaches of similar
performance, the field adopts the simpler one.

3.6 Retrospect: why decoder-only won

Table 4: The three architectural variants of 2018–2019, compared on the properties that determined their long-term
adoption.

Property Encoder-only (BERT) Decoder-only (GPT) Encoder-decoder (T5)

Attention bidirectional causal bi (enc) + causal (dec)
Objective masked LM next-token prediction span corruption
Positions supervised ∼15 % 100 % ∼15 % (spans)
Can generate? no yes yes (via decoder)
KV cache (Section 2.5) impossible full decoder only
Benchmark standing 2019 dominant (NLU) behind strongest overall
Mainline status 2026 retrieval & embeddings the LLM default translation, niche seq2seq
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The benchmark results of 2019 and the development of the following years point in opposite directions: the two variants
with a bidirectional encoder led on GLUE and SuperGLUE, yet the decoder-only form became the default. Three
structural properties explain this outcome; none of them is a benchmark score.

Signal Density. Next-token prediction produces a loss term at every position; the masked and span objectives do so at
about 15 % of positions. At fixed data and compute, the autoregressive model therefore obtains more training signal
per document. The advantage grows with scale, and BERT’s authors had already acknowledged its cost (Devlin et al.,
2019).

The text interface. A generative model needs not task-specific heads: the task specification is part of the input text
(Section 3.3), so one set of weights serves an open-ended set of tasks. The zero-shot setting of GPT-2 developed one
epoch later into in-context learning (Section 4.3) and into the interface of deployed LLMs. Encoder-only model, by
contrast, require fine-tuning and thus a separately adapted copy of the model per task.

Cacheability. Only a causal model can use the KV cache of Section 2.5 without restriction. A bidirectional stack
cannot cache at all, because appending a token invalidates every stored representation; an encoder-decoder caches only
in the decoder and additionally pays for the second stack and cross-attention. The interface economics of Section 2.5,
including the prefill/decode asymmetry, therefore apply in full only to the decoder-only form.

None of these properties was the stated selection criterion at the time. The papers of this epoch compare accuracy, and
on accuracy the bidirectional objectives led (Devlin et al., 2019; Raffel et al., 2020). The decisive properties became
relevant only later: signal density under scaling, cacheability in deployment, and the text interface for generality. The
question was settled empirically by GPT-3 rather than by a controlled comparison. The other two variants remain in use:
encoder-only models underlie much of today’s retrieval and embedding infrastructure, and encoder-decoders persist
where input and output are different objects, as in translation. From 2020 onward, however, “language model” refers by
default to a causal decoder.

4 Epoch II: Scaling (2020–2022)

4.1 The setting

At the end of Epoch I the decoder-only line trailed the bidirectional variants on the language-understanding benchmarks.
At the same time, the authors of GPT-2 had found that all four of their models underfit the training corpus, so additional
capacity and data still reduced the loss (Radford et al., 2019). The bottleneck of this epoch was capability: pretrained
models still required task-specific fine-tuning, and without it their performance was low. The hypothesis of 2020–2022
was that this limitation was not architectural and that scale alone would remove it.

The epoch opened with the quantification of that hypothesis, not with a model. In January 2020, Kaplan et al. (2020)
measured how the loss depends on model size, data and compute, and derived from the measurements a rule for
allocating a training budget (Section 4.2). GPT-3, published in May 2020, applied the rule at the largest scale to date
with the architecture held fixed, and established in-context learning as a new usage regime (Section 4.3). The models of
2021–2022 followed the same rule until Chinchilla corrected it in March 2022 (Section 4.4). PaLM, published one
week later, is the largest model of the original allocation and already contained most of the next epoch’s architectural
model recipe (Section 4.5). The chapter then covers the alignment procedure that turned the model into an assistant
(Section 4.6). Its second half follows the parallel line that matters most for the later chapters: the efficient-attention
methods (Section 4.7) and the first mixture-of-experts models (Section 4.8). Both were published alongside the scaling
results, and neither was adopted at the time. Section 4.9 summarizes why, and Epoch III reverses the decision.

4.2 Scaling laws: the quantitative case for scale

Kaplan et al. (2020) provided the empirical basics for the epoch. They trained decoder-only language models spanning
several orders of magnitude in size and measured the test loss L (cross-entropy in nats per token) as a function of three
resources: the number of non-embedding parameters N , the dataset size D in tokens, and the training compute C. The
central result is that, as long as the other two resources are not limiting, the loss follows a power law in each resource:

L(N) =

(︃
Nc

N

)︃αN

, L(D) =

(︃
Dc

D

)︃αD

, L(Cmin) =

(︃
Cc

Cmin

)︃αC

, (6)
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with fitted exponents αN ≈ 0.076, αD ≈ 0.095 and αC ≈ 0.050. Nc, Dc and Cc are fitted scale constants, and Cmin

is the smallest compute at which a given loss is reached, i.e. compute spent on the most efficient combination of model
size and training steps. A power law is a straight line on log-log axes, and the exponent is its slope: each tenfold
increase in N multiplies the loss by 10−0.076 ≈ 0.84, a reduction of about 16 %; each tenfold increase in D reduces it
by about 20 %, and each tenfold increase in compute along the efficient frontier by about 11 %. The gains per decade
are small, but the trends show no saturation within the measured range, which for some of them spans more than seven
orders of magnitude (Kaplan et al., 2020). This regularity made scale a plannable investment: the loss of a larger model
could be predicted before training it.

The single-variable laws hold only when the other resources are abundant. The interaction of model size and data is
captured by a joint fit,

L(N,D) =

[︄(︃
Nc

N

)︃αN/αD

+
Dc

D

]︄αD

, (7)

which reduces to L(N) for D → ∞ and to L(D) for N → ∞. Its practical content is a condition against overfitting:
for the data term to stay negligible, D must grow with N , but only sublinearly, roughly as D ∝ N0.74, so a model ten
times larger needs about 5.5 times more data.

Two findings from these fits shaped the practice of the following years. (1) Model shape has little effect: at fixed N ,
varying the depth-to-dim ratio by a factor of 40 changes the loss only slightly, which justified leaving the architecture
unchanged. (2) The fits determine how a fixed compute budget should be split between model size and training steps.
Since the loss at fixed N also falls as power law in the number of steps, the budget can buy either a larger model or a
longer run, and the compute-efficient optimum is

N ∝ C0.73
min , D ∝ C0.27

min , (8)

i.e. a tenfold larger budget should go into about 5.4 times more parameters but only about 1.9 times more training
tokens. The compute-efficient procedure is therefore to train very large models on comparatively little data and to stop
well before convergence. This rule, published four months before GPT-3, determined how the models of 2020–2022
were built: hundred-billion-parameter models trained on a few hundred billion tokens. The Chinchilla correction
(Section 4.4) later revises these two exponents.

4.3 GPT-3: scale as an interface

GPT-3 (Brown et al., 2020) is the first model built on these laws. It contains no architectural novelty: a family of eight
models from 125M to 175B parameters, all with the GPT-2 architecture and one modification, alternating dense and
locally banded spars attention layers, the pattern of the Sparse Transformer (Section 3.5). Depth, width and number
of heads were chosen for computational efficiency and load balancing across GPUs, not for modeling reasons. The
training budget follows the allocation of Section 4.2: the 175B model was trained on 300B tokens with a context length
of 2048 token, i.e. far from convergence, and the paper reports that the power law of Kaplan et al. (2020) continues over
two further orders of magnitude of compute with only small deviations (Brown et al., 2020).

The contribution is a new usage regime. Instead of being fine-tuned, GPT-3 receives a small number of demonstrations
(typically 10 to 100) in its context window and continues the pattern, without any weight update. The authors called
this in-context learning (ICL). It turned the task-as-text formulation of GPT-2 (Section 3.3) into measurable quantity:
few-shot performance rises steeply with the model size, and the gap between zero-shot and few-shot performance
widens with scale, i.e. larger models extract more form the demonstrations (Brown et al., 2020). The absolute results
were uneven: 86.4 % on LAMBADA in the few-shot setting, but 71.8 on SuperGLUE against 89.0 for fine-tuned
systems. The relevant result is the breadth rather than any single score: one frozen model, prompted, was competitive
across a wide range of tasks simultaneously. The text interface anticipated in Epoch I now existed as a deployable
artifact, and both products and alignment research reoriented around it.

4.4 The Chinchilla correction

Between 2020 and 2022 the allocation of Section 4.2 was applied without change: GPT-3 (175B parameters, 300B
tokens) and Gopher (280B, 330B) were trained on roughly one to two tokens per parameter (Hoffmann et al., 2022).
Hoffman et al. repeated the analysis of Kaplan et al. (2020) in March 2022 with over 400 models and one methodological
correction: the earlier study had used one learning-rate schedule for runs of every length, which biased the fit. They
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Figure 7: The Chinchilla correction: training compute is proportional to the area N · D. At Gopher’s budget, the
rebalanced allocation (a quarter of the parameters on nearly five times the tokens) scores 67.6 against 60.0 on 5-shot
MMLU (Hoffmann et al., 2022). The rectangles have equal area because the source states equal training FLOPs; their
proportions are schematic.

arrive at a different allocation: parameters and data should be scaled in equal proportion, N ∝ C0.5 and D ∝ C0.5

in place of the exponents of Section 4.2, so doubling the model requires doubling the training tokens. (The frequently
cited “about 20 tokens per parameter” is a reconstruction from their tables; the paper states only the proportionality.)
The demonstration was Chinchilla: at the same training compute as the 280B-parameter Gopher, a 70B model trained
on 1.4T tokens outperformed it on most benchmarks (67.6 % vs. 60.0 % on MMLU; Figure 7). The authors conclude
that essentially every large model of the era was “significantly undertrained” (Hoffmann et al., 2022). One consequence
extends beyond training economics and connects to the next epoch: the compute-optimal model is four times smaller,
and a smaller model is cheaper to serve. A training-time result thus also reduced inference cost, the first instance of the
trade-off between the two budgets that Epoch III makes explicit.

4.5 The peak of dense scaling: PaLM

PaLM (Chowdhery et al., 2023), published one week after Chinchilla, is the largest model trained under the allocation
of Section 4.2: 540B dens parameters on 780B tokens, which the Chinchilla criterion classifies as heavily undertrained.
It produced the strongest capability results of the epoch, including large gains on reasoning benchmarks when prompted
to produce intermediate steps. for this survey its interest is architectural. PaLM combines SwiGLU activations (Shazeer,
2020), rotary position embeddings (RoPE) (Su et al., 2024), no bias terms and multi-query attention (MQA) (Shazeer,
2019), the cache-reducing method of Section 3.5, adopted here at flagship scale for decoding speed, with parallel block
formulation that computes attention and FFN side by side for training throughput. Most components of the modern
decoder recipe (Section 5.2) were therefore in use before the epoch that standardized them.

4.6 From model to assistant: RLHF

This section describes no architectural change: operator, block and cache are untouched, and only the weights change.
It is included because the procedure changed what the artifact is, and because the deployment pressures of Epoch III
follow from it.

A pretrained language model continues text, it does not answer requests. Ouyang et al. (2022) state the problem as
a mismatch of objectives: predicting the next token of a web page is not the objective “follow the user’s instructions
helpfully and safely”, and they call the pretraining objective misaligned with it. Scale does not close the gap, since
“making language models bigger does not inherently make them better at following a user’s intent” (Ouyang et al., 2022).
GPT-3 needed demonstrations in its context window (Section 4.3), but an assistant should need only the instruction.
InstructGPT, published in March 2022, closes the gap with the three-stage pipeline of Figure 8. The pipeline itself was
not new: Stiennon et al. (2020) had applied the same three stages to summarization in 2020; InstructGPT applies them
to the general prompt distribution of a deployed API.
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Figure 8: The three stages of InstructGPT, redrawn after Figure 2 of Ouyang et al. (2022). Stage 1: a labeler writes
the desired output for a sampled prompt, and the pretrained model is fine-tuned on these demonstrations (about 13k
prompts). Stage 2: for each prompt, K = 4 to 9 outputs of the current model are ranked by a labeler, and a reward
model is trained on all pairwise comparisons to output one scalar score per prompt–output pair (33k prompts). Stage 3:
the policy, initialized from the stage-1 model, generates an output for a new prompt, the reward model scores it, and
PPO maximizes the score minus a KL penalty towards the stage-1 model (31k prompts, no human labels). Human
labels enter only in stages 1 and 2. Schematic; the prompt counts are the training-split sizes of the source’s Table 6.

Stage 1: supervised fine-tuning. The prompts came from users of an earlier version of the model in the OpenAI API
playground. Their distribution is the everyday work of an assistant rather than the benchmarks of Section 3.6: 45.6 %
open-ended generation, 12.4 % open question answering, 11.2 % brainstorming and 8.4 % chat, with summarization at
4.2 %. For each of about 13k prompts, one of about 40 contracted labelers writes the desired output by hand; for the
prompt “List five ideas for how to regain enthusiasm for my career”, the demonstration is such a list. The pretrained
model is then fine-tuned on the (prompt, demonstration) pairs with the ordinary next-token objective of Section 3.3, so
nothing changes except the data. The result, the SFT model, is already preferred by the labelers to the base model,
prompted or not, and it is the starting point of both remaining stages (Ouyang et al., 2022).

Stage 2: reward modeling. The second stage replaces writing with judging. For each of 33k prompts, K = 4 to 9
outputs are sampled from the current model, and a labeler orders them from best to worst, ties allowed (D > C > A = B
in Figure 8). A ranking of K outputs contains K(K−1)/2 pairwise comparisons, 6 for K = 4 and 36 for K = 9, from
a single labeling session. A separate reward model is trained on these pairs. It is the SFT model with its unembedding
layer removed, so that it outputs one scalar rθ(x, y) for a prompt x and an output y instead of a distribution over
tokens, and its loss is a logistic loss on the score difference of each pair: the preferred output must score higher. One
6B-parameter reward model serves every policy size, including 175B, because training a 175B reward model proved
unstable (Ouyang et al., 2022).

Stage 3: reinforcement learning. The policy starts as a copy of the SFT model. A prompt is sampled, the
policy generates one output, the reward model scores it, and the policy is updated with proximal policy optimization
(PPO) (Schulman et al., 2017). The environment is a bandit: one episode is one prompt and one response, with no
further turns. The objective is
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objective(ϕ) = E(x,y)∼D
πRL
ϕ

[︂
rθ(x, y)− β log

πRL
ϕ (y | x)

πSFT(y | x)

]︂
+ γ Ex∼Dpretrain

[︁
log πRL

ϕ (x)
]︁
, (9)

where πRL
ϕ is the policy, πSFT the frozen stage-1 model and rθ the reward model. The first term pulls the policy towards

what the labelers preferred. The second is a per-token penalty on the divergence from the SFT model, added to “mitigate
over-optimization of the reward model” (Ouyang et al., 2022): the reward model is a learned approximation that is
reliable only near the outputs it was trained on, and without the penalty the policy drifts to outputs that score highly
without being better. The third term mixes gradients of the pretraining objective into the update and is the answer to the
alignment tax discussed below. The paper calls models with γ = 0 “PPO” and models with γ > 0 “PPO-ptx”, and
“InstructGPT” denotes the PPO-ptx models unless stated otherwise. This stage used 31k prompts and no human labels:
humans enter the pipeline only in stages 1 and 2 (Ouyang et al., 2022).

The result changed the interpretation of parameter counts. On the authors’ prompt distribution, labelers preferred the
outputs of the aligned 1.3B model to those of the 175B base model, “despite having 100x fewer parameters”, and at
equal size the aligned model also won against the base model prompted with few-shot demonstrations, the interface of
Section 4.3 (Ouyang et al., 2022). At less than 2 % of the pretraining compute (Ouyang et al., 2022; Brown et al., 2020),
alignment outweighed two orders of magnitude of scale in judged usefulness. One example from the paper shows what
the labelers were judging. Asked in French to write a short story about a frog that travels back in time to ancient Greece,
GPT-3 175B continues with further instruction-like sentences of the form “write a story about . . . ”, in French, and never
writes the story; InstructGPT 175B writes it. Over 96 % of the fine-tuning data is English, so the behavior generalized
beyond the distribution it was trained on (Ouyang et al., 2022).

Three qualifications apply. The results are preference rates under the authors’ own labelers, about 40 contractors,
mostly English-speaking, on the authors’ own prompt distribution, not benchmark scores; the paper itself asks to whom
the model is aligned. The procedure incurs an alignment tax: the PPO models regressed against GPT-3 on public
NLP datasets, notably SQuAD, DROP, HellaSwag and French-to-English translation, and the pretraining term of the
objective reduces these regressions without removing them. And the aligned model follows instructions even when they
are harmful, which the authors name as its greatest limitation (Ouyang et al., 2022). Later work simplified the pipeline:
direct preference optimization (Rafailov et al., 2023) removes the explicit reward model, and the reasoning models of
Section 6.4 replace it with rule-checked rewards, but the three-stage form remains the conceptual reference. ChatGPT,
released in November 2022 and trained with this procedure, closes the epoch (Section 4.9).

4.7 Early answers to the quadratic problem

While the mainline scaled, a parallel literature addressed the O(n2) cost of attention (Section 2.6). The wave ran
concurrently with GPT-3: Longformer appeared in April 2020, Linformer and linear attention in June, BigBird in July
and Performer in September of the same year. It is beast described as four patterns rather than as individual papers.
Each answers the question of which entries of the n× n attention matrix can be left uncomputed.

• Fixed sparsity. Longformer (Beltagy et al., 2020) restricts attention to a sliding window a small number of
task-designated global tokens (O(n · w)). BigBird Zaheer et al. (2020) adds random connections and supplies
a theoretical result: with a global token, sparse attention remains a universal approximator. In both, the pattern
is a hyperparameter, fixed by the designer and identical for every input.

• Low rank. Linformer (Wang et al., 2020) observes that the attention matrix is approximately low-rank and
projects keys and values along the sequence axis. The cost becomes linear, but the projection is tied to a fixed
sequence length, and the paper does not address causal decoding.

• Kernel approximation. Performer (Choromanski et al., 2021) approximates the softmax kernel with random
feature maps, which makes attention linear without a designed sparsity pattern.

• Linear attention as recurrence. Katharopoulos et al. (2020) replace the softmax with a factorizable similarity
ϕ(q)⊤ϕk and reorder the computation: (ϕ(Q)ϕ(K)⊤)V = ϕ(Q)(ϕ(K)⊤V ). The left-hand side materializes
the n× n matrix, the right-hand side maintains a dϕ × dh state of constant size that is updated once per token.
A causally masked Transformer of this form is a recurrent network: it passes a summary from token to token
as the recurrent models of Section 2.2 do, but with matrix-value state. The limitation is fundamental: the exact
softmax corresponds to an infinite-dimensional ϕ, so every finite approximation loses information, which
means it loses the ability to retrieve individual past tokens exactly.

A fifth approach came from outside the Transformer literature in October 2021. S4 (Gu et al., 2022) revives the classical
state space model, a linear recurrence xt = Āxt−1 + B̄ut with an initialization designed for long-range memory, and
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Figure 9: The attention-mask patterns of the first efficiency wave on grids of equal size: full causal attention compared
with sliding-window, dilated-window, global-plus-local (Longformer), random-plus-window-plus-global (BigBird) and
block-sparse structure. Each marked cell is a query–key pair that is computed. In all sparse patterns the connectivity is
a hyperparameter, fixed before training and identical for every input; the trainable sparsity of Section 6.3 removes this
restriction.

shows that it can be trained in parallel as convolution and run at inference as recurrence with fixed-size state. It solved
long-range benchmarks on which all previous architectures had failed, including the 16k-token Path-X task, while on
language modeling it still trailed Transformers by about one perplexity point by its authors’ measurement. The line
from S4 to Mamba (Section 5.5) is the development of this epoch with the largest consequences for later architectures.

None of these methods of Figure 9 became a default. Tay et al. (2022) list the reasons in their survey of the field: no
variant had displaced standard attention, several cannot be causally asked, custom CUDA kernels made adoption costly,
and “linear” methods were often slower than well-implemented quadratic attention at practical sequence lengths. The
underlying reason is economic and frames the next epoch: in 2020—2022 the binding constraint was training compute
at a context length of 2k tokens. Attention was a small share of that budget, and no deployment yet served conversations
of millions of tokens. The first efficiency wave addressed a bottleneck that did not yet exist.

4.8 Early MoE: proven, then shelved

Mixture-of-experts (MoE) followed the same pattern of early demonstration and delayed adoption, and its three
landmark papers appeared in parallel with the scaling results of Section 4.2-Section 4.4. GShard (Lepikhin et al., 2021)
(June) scaled a translation model to 600B parameters by replacing the FFNs with banks of routed experts; Switch
Transformer (Fedus et al., 2022) (January) simplified routing to top-1 and exceeded one trillion parameters, reporting
up to 7× faster pretraining than T5-Base at the same computational budget; GLaM (Du et al., 2022) (December) trained
a 1.2T-parameter decoder that activates about 8 % of its parameters per token and matched GPT-3 quality at a third
of the training energy. The decoupling that MoE provides, a parameter count independent of per-token compute, was
thus established. Adoption nevertheless stalled: routed training was unstable and required model-specific stabilization
techniques, expert parallelism required unusual infrastructure, and the Chinchilla result of March 2022 had just shown
that the cheapest improvement was more data through a dense model. MoE remained confined to a few laboratories
until the inference economics of Epoch III made its trade-off attractive (Section 5.4).

4.9 Retrospect

The epoch began with a measurement and ended with a product. In January 2020, Kaplan et al. quantified the effect of
scale, in November 2022, ChatGPT turned the scaled and aligned model into infrastructure. In between, scale worked:
loss follows power laws regular enough to plan budgets against. A frozen decoder with demonstrations in its context
replaced task-specific engineering. RLHF turned the model into an assistant. The decoder-only form, behind on the
benchmarks of 2019, was now the default meaning of “language model”. The properties identified in Section 3.6,
supervision at every position and the text interface, were exactly those on which scale and in-context learning paid off.

The success of this epoch created the bottleneck of the next. Models were now very large and dense and, after ChatGPT,
served hundreds of millions of users, with every generated token paying the full O(n2) attention cost and reading the
entire KV cache of Section 2.5 from memory. The efficiency techniques that had not been adopted (sparse patterns,
linear recurrences, state space models, routed experts and multi-query attention) remained available in the literature. In
addition, assistants had acquired a property that received little attention at the time: prompted to reason step by step,
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they generated more tokens to produce better answers (Wei et al., 2022), i.e. they spent compute at inference rather than
in training. This is a third scaling axis, whose cost is the subject of Epoch IV. The change of direction was driven by
economics rather than by a research result: once inference cost became the decisive metric, the methods of Section 4.7
and Section 4.8 were readopted within eighteen months. That development, and the open-weights wave that carried it,
is Epoch III.

5 Epoch III: Efficiency and the Open Wave (2023–2024)

5.1 The setting

At the end of Epoch II the language model had become a product (Section 4.9). ChatGPT served hundreds of millions
of users with a dense decoder, and every generated token paid the attention cost of Section 2.6 and re-read the KV cache
of Section 2.5. The bottleneck of this epoch was therefore inference cost. In Epoch II the binding quantity had been
training compute, spent once per model; from 2023 it was the cost per generated token, paid on every request. Almost
every method in this chapter had been published between 2017 and 2021 and not adopted (Sections 4.7 and 4.8); it was
adopted in 2023–2024, once the bottleneck it addresses had become the binding one.

Two publications in the first quarter of 2023 determined which models this survey can follow. In February, Meta released
LLaMA (Touvron et al., 2023a), a family of decoder-only models from 7B to 65B parameters trained exclusively on
publicly available data. The paper states its objective as the best possible performance at a given inference budget, in
explicit contrast to the Chinchilla objective of Section 4.4, which “disregards the inference budget, which becomes
critical when serving a language model at scale” (Touvron et al., 2023a). The models were therefore trained past the
compute-optimal point, the 7B and 13B models on 1.0T tokens and the 33B and 65B models on 1.4T tokens, and the
7B model was still improving when its run ended. LLaMA-13B outperformed GPT-3 (175B) on most benchmarks, and
LLaMA-65B was competitive with Chinchilla-70B and PaLM-540B (Touvron et al., 2023a). The weights were released
to the research community; Llama 2 (Touvron et al., 2023b), published in July 2023, extended the release to commercial
use. In March 2023, one month after LLaMA, OpenAI published the GPT-4 Technical Report, which states that “this
report contains no further details about the architecture (including model size), hardware, training compute, dataset
construction, training method, or similar” (OpenAI, 2023). From this point on the strongest models are undocumented,
and the architecture history of this survey is, from 2023, the history of open models: the model families of Meta, Mistral
and DeepSeek and the academic groups working on open weights.

The chapter is organized by component. Section 5.2 states the decoder recipe that LLaMA fixed and that every later
open model inherits: rotary position embeddings, RMSNorm in pre-norm placement and a gated feed-forward network,
each a substitution for one component of Section 2. Section 5.3 covers the methods that reduce the KV cache or the
cost of reading it: exact attention with less memory traffic (FlashAttention), fewer key/value heads (GQA), a bounded
attention window (Mistral), paged cache memory and context extension. Section 5.4 explains mixture-of-experts
routing in full, since this is where it enters the mainline, and follows it from Mixtral to DeepSeek-V3, including the
latent-attention cache of DeepSeek-V2. Section 5.5 does the same for fixed-state recurrence, from Mamba to the delta
rule. Section 5.6 covers the first hybrids of recurrence and attention, Section 5.7 the small-model literature that applies
the same economics at the other end of the scale, and Section 5.8 summarizes what the epoch established.

5.2 The modern decoder recipe

LLaMA’s architecture section states its complete difference from the original Transformer as three substitutions, each
taken from earlier work and none of them original to LLaMA (Touvron et al., 2023a): rotary position embeddings (Su
et al., 2024) replace the additive positional encoding of Section 2.4, RMSNorm (Zhang and Sennrich, 2019) in pre-norm
placement (Xiong et al., 2020) replaces the post-norm LayerNorm of Section 2.3, and SwiGLU (Shazeer, 2020)
replaces the ReLU feed-forward network. PaLM had used two of them, SwiGLU and RoPE, at 540B one year earlier
(Section 4.5); LLaMA is the model in which all three became the open standard. The paper defines none of them and
contains no ablation of their contributions, so the evidence for each is in its source, summarized below. Table 5 lists the
result against the block of Section 2.

Rotary position embedding. The original model adds a position vector to the token embedding once, at the beginning
of the stack (Section 2.4), so position is a property of the representation and enters attention only indirectly. Su et al.
(2024) instead apply position inside the attention operator, to the projected queries and keys of every block. The
per-head dimension dh is split into dh/2 pairs of coordinates, and pair t of a query at position i is rotated by the angle
iθt, with θt = 10000−2(t−1)/dh ; the key at position j is rotated by jθt (Figure 10). Writing RΘ,i for this block-diagonal
rotation matrix, the attention score between a query qi and a key kj becomes
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⟨RΘ,i qi, RΘ,j kj⟩ = q⊤i RΘ, j−i kj , (10)

because rotations in the same plane compose by adding their angles, so the product of the two rotations depends only on
the offset j − i: an absolute construction yields exact relative dependence. Three properties follow. Position is applied
to queries and keys only, so it never enters the values or the residual stream. It is applied in every block rather than once
at the input, and the geometrically spaced angles give each pair its own wavelength, the same design as the sinusoids of
Section 2.4. Because the rotation is a fixed function of the position index, a pretrained model can be run at positions
beyond its training length. How well that works, and how the angles can be rescaled to make it work better, is the
subject of context extension in Section 5.3. ALiBi (Press et al., 2022), which removes position embeddings and adds a
fixed, head-specific penalty proportional to the query-key distance to every attention score, is the main alternative at this
site and was not adopted by the open mainline.

Figure 10: Rotary position embedding for one query at position i. The dh coordinates of the projected query are read
as dh/2 pairs, and each pair is a point in its own plane. Pair t is rotated by the angle iθt, with the angles θt falling
geometrically from θ1 = 1 towards 10−4; the key at position j is rotated by jθt in the same planes, so the score
between the two depends only on the offset j − i. Adapted from the ICLR 2025 blog post “Positional Embeddings in
Transformer Models” (Kumar et al., 2025).

Normalization: RMSNorm in pre-norm placement. Two changes at the normalization site are bundled. Layer
normalization (Section 2.3) shifts the input vector x ∈ Rd by subtracting its mean µ and scales it using σ before
applying the learned gain γ and bias β. Zhang and Sennrich (2019) hypothesize that the scaling invariance is the
primary driver of training stability and discard the mean-centering operation as well as the bias β. Instead, Root Mean
Square Normalization (RMSNorm) scales the vector solely by its root mean square RMS(x):

RMSNorm(x) = γ ⊙ x

RMS(x)
, RMS(x) =

⌜⃓⃓⎷1

d

d∑︂
i=1

x2
i + ϵ (11)

where γ ∈ Rd denotes the learned gain parameter. The saving is one statistic per vector. The paper reports a training
speedup of 7–9 % for a Transformer at equal translation quality (26.8 against 26.6 BLEU on newstest2014) and measures
nothing at inference (Zhang and Sennrich, 2019). The second change is placement. The original block normalizes
the sum of the residual stream and the sublayer output (post-norm), pre-norm normalizes the input of each sublayer
instead and adds one final normalization after the last block (Figure 4). GPT-2 had adopted the placement empirically
(Section 3.3); Xiong et al. (2020) supply the reason. At initialization, the gradient norm at the last block scales as
O(d

√
ln d) under post-norm but as O(d

√︁
ln d/L) under pre-norm, which the authors give as the reason post-norm
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Table 5: The Transformer block of 2017 (Section 2.3) and the modern decoder block, component by component.
Everything not listed is unchanged.

Component Transformer (2017) Modern decoder (LLaMA line) Origin of the change

Overall form encoder–decoder decoder-only GPT-1, 2018 (Section 3.3)
Position sinusoidal vector, added once at the

input
RoPE: rotation of queries and keys
in every block

Su et al. (2024)

Norm placement post-norm (after the residual sum) pre-norm (before each sublayer) GPT-2, 2019; Xiong et al.
(2020)

Normalizer LayerNorm (mean and variance) RMSNorm (re-scaling only) Zhang and Sennrich (2019)
FFN ReLU, two matrices, dff = 4d SwiGLU gate, three matrices, inner

width 2
3
· 4d

Shazeer (2020)

KV heads hkv = h GQA: hkv = 8 ≪ h Shazeer (2019); Ainslie et al.
(2023) (Section 5.3)

Biases present usually removed PaLM, 2022 (Section 4.5)
Attention operator,
residual stream,
block interface

unchanged unchanged –

training requires a small initial learning rate and a warm-up stage that pre-norm can omit. Both changes leave the
residual stream unbroken from the embedding to the output head.

Gated feed-forward network: SwiGLU. The feed-forward sublayer of Section 2.3 projects each position up to dff
dimensions, applies a ReLU and projects back. Shazeer (2020) replaces the first projection and its rectifier by a gated
linear unit: the input is projected twice, one projection passes through the Swish non-linearity Swish(z) = z σ(z) and
multiplies the other element-wise, and the product is projected back:

FFNSwiGLU(x) =
(︁
Swish(xWg)⊗ xW1

)︁
W2. (12)

The sublayer now holds three matrices instead of two, and to keep the parameter count constant the inner width is
reduced to two thirds of its former value, in LLaMA’s notation 2

3 · 4d (Touvron et al., 2023a). At matched parameters
and compute, the variant reaches a lower pretraining loss than the ReLU baseline (1.636 against 1.677 log-perplexity on
the T5 span-corruption objective of Section 3.4). The evidence comes from one encoder–decoder setting, and the author
offers no explanation for the improvement (Shazeer, 2020); the field adopted the substitution on this evidence.

The recipe held for the whole epoch. Llama 2 (July 2023) names exactly two departures from LLaMA, a trained context
length doubled from 2,048 to 4,096 tokens and grouped-query attention at its two larger sizes (Section 5.3), and was
trained on 2T tokens (Touvron et al., 2023b). Llama 3 (July 2024) lists SwiGLU, rotary embeddings and 8 key/value
heads in one table for its 8B, 70B and 405B models, pretrained on 15.6T tokens, and describes its architecture as not
deviating significantly from its predecessors (Llama Team, 2024). Mistral 7B and Mixtral (Sections 5.3 and 5.4) use the
same components. None of the substitutions changes the attention operator of Section 2.2 or the structure of the block
of Section 2.3: queries, keys and values are still formed by linear projections of one residual stream, compared by scaled
dot products, normalized by a softmax and used to average the values, and the result is still followed by a position-wise
sublayer. A reader comparing a LLaMA block with an original block finds component-for-component replacements of
identical shape. The changes with structural consequences, treated in the rest of this chapter, all concern what surrounds
the operator: how many keys and values are cached, how the operator is scheduled on the hardware, which positions it
may see, and which of its sublayers a token actually reads.

5.3 Inference efficiency: the KV cache and memory traffic

Section 2.5 established that decoding is bound by memory bandwidth: every generated token re-reads the model weights
and the entire KV cache, whose size per sequence is 2 ·n ·L ·hkv ·dh elements. In 2023 the trained context lengths grew
from 2k to 32k tokens and beyond, serving batches grew with demand, and the cache became the binding resource, in
the example of Section 2.6 several times the size of the weights. This section follows the factors of the cache expression
rather than publication order, and gives the dates in the text: an exact algorithm that reduces the memory traffic of
attention without changing its output (FlashAttention, May 2022), a reduction of hkv (GQA, May 2023), a bound
on n (sliding-window attention, October 2023), the systems layer that manages the cache (September 2023), and the
extension of the context length itself.
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Exact attention with less memory traffic: FlashAttention. Dao et al. (2022) diagnosed that attention on a GPU
is limited not by arithmetic but by traffic between high-bandwidth memory (HBM) and the much smaller on-chip
SRAM. The standard implementation writes the n × n score matrix to HBM, reads it back for the softmax, writes
the probabilities and reads them again for the product with V . FlashAttention computes the same softmax attention
exactly, in tiles of Q, K and V sized to fit in SRAM, and never materializes the full matrix. The softmax is computed
incrementally: for each row two running statistics are carried, the maximum m and the normalizer ℓ, and the statistics
of two tiles combine as

m = max
(︁
m(1),m(2)

)︁
, ℓ = em(1)−m ℓ(1) + em(2)−m ℓ(2), (13)

so the accumulated output is rescaled whenever a new tile raises the maximum, and the result equals the softmax
over the full row. The backward pass stores no attention matrix either: it recomputes the tiles from Q, K, V and the
two statistics. The number of HBM accesses falls from Θ(ndh + n2) to Θ(n2d2h/M), with M the SRAM size, and
the authors prove that no exact attention algorithm does asymptotically better (Dao et al., 2022). The measurement
that carries the argument is one attention layer of GPT-2 medium at sequence length 1,024 on an A100, forward and
backward pass together: FlashAttention performs more floating-point operations (75.2 against 66.6 GFLOPs), moves
nine times less data (4.4 against 40.3 GB) and runs in 7.3 ms against 41.7 ms (Dao et al., 2022). Two boundaries matter
for the rest of the survey. FlashAttention is not an approximation and not a member of the sparse or linear family of
Section 4.7; its operation count remains quadratic in n, and only the memory traffic is reduced. And it does not change
the KV cache: its gains are on the compute-bound side of the prefill/decode asymmetry of Section 2.5, in training and
prefill. It removed the memory ceiling on context length in training, and the long contexts that put pressure on the cache
in 2023 were trained with it.

Fewer key/value heads: from MQA to GQA. The cheapest factor to reduce is hkv . Multi-query attention(MQA)
(Section 3.5) sets hkv = 1: one key head and one value head serve all h query heads, and the cache shrinks by the factor
h. PaLM used it at 540B (Section 4.5), but Ainslie et al. (2023) report in May 2023 that the endpoint costs quality, is
unstable in training, and is wasteful to shard across the devices that serve a large model. Grouped-query attention
(GQA) partitions the h query heads into hkv groups and gives each group one key head and one value head; hkv = h
is multi-head attention, hkv = 1 is multi-query attention, and the cache is 2nLhkvdh for any choice in between (see
Figure 12). The paper’s second contribution is a conversion recipe: the key and value projections of the heads in each
group are mean-pooled into one, and the converted checkpoint is trained further for 5 % of the original pretraining
steps. On T5-XXL, the converted model with eight groups reaches the quality of the multi-head original (47.1 against
47.2 on the paper’s average over seven tasks) at close to multi-query inference time (0.28 against 1.51 seconds per
sample) (Ainslie et al., 2023). The stated reasons for adoption are cache size and serving. Llama 2 (July 2023) adopted
GQA at 34B and 70B only, because at those sizes the cache limits the batch size, and chose the group count so that the
key/value heads can be shared across the eight GPUs of one serving node (Touvron et al., 2023b). Mistral 7B (October
2023), Mixtral, Llama 3 (July 2024, at every size from 8B to 405B) and gpt-oss (Section 6.5) all settled on 8 key/value
heads while the number of query heads grows with the model (Jiang et al., 2023, 2024; Llama Team, 2024). GQA is
the first widely adopted architectural change that no training-side argument supports: by its authors’ measurements it
costs a little quality, it saves nothing in training, and it was adopted for the size of the KV cache of Section 2.5 alone.

Bounding the window: Mistral 7B. Multi-query and grouped-query attention reduce the coefficient of n; sliding-
window attention bounds n itself. Mistral 7B (Jiang et al., 2023), published in October 2023, restricts each position to
the W = 4096 preceding positions, the pattern of Longformer (Section 4.7) and of the local attention that Vaswani
et al. (2017) had proposed as future work (Section 2.6). Information still travels further than W , by one window per
layer: after L layers a position can be influenced by tokens up to L ·W positions back, which for Mistral’s 32 layers
the authors state as a theoretical span of about 131k tokens. The consequence for the cache is qualitative. Keys and
values older than W are never read again, so they can be overwritten: the cache is a rolling buffer of W positions, in
which position i is stored at index i mod W , and its size stops growing once n > W , at 2Lhkvdh ·W elements. The
authors report an eightfold reduction of cache memory at a sequence length of 32k tokens without loss of quality, and
Mistral 7B outperformed Llama 2 13B on every benchmark they evaluated (Jiang et al., 2023). The window is combined
with GQA (32 query heads, 8 key/value heads), so the two reductions multiply. Xiao et al. (2024) had examined the
complementary case two weeks earlier: a model trained with full attention at a fixed length that is given a window only
at inference. Such a model fails as soon as the first tokens of the sequence leave the window, because it has learned to
place a large share of its attention weight on those first tokens regardless of their content; the authors call them attention
sinks. Keeping the keys and values of the first few tokens alongside the recent window restores stable generation, for
Llama 2 and other models up to 4 million tokens, on a finite cache and without fine-tuning (Xiao et al., 2024).
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The systems layer: paged cache memory. In September 2023, Kwon et al. (2023) treated the cache as a memory-
management problem rather than an architectural one. Serving systems had reserved one contiguous region of memory
per request, sized for the maximum length, so that a large share of the reserved cache memory was never used and
could not be given to other requests. PagedAttention stores the cache in fixed-size pages allocated on demand, as
an operating system pages virtual memory, which brings the waste to near zero and lets requests share pages for a
common prefix. The serving system built on it, vLLM, raised throughput by 2–4× at equal latency over the best
previous systems (Kwon et al., 2023) and underlies much of the open serving infrastructure since. The architecture is
untouched; the reorganization shows what the field was engineering against in 2023.

Extending the context. The trained context length also moved: from 2,048 tokens in LLaMA to 4,096 in Llama 2
and 8,192 in Llama 3, whose supported window was then raised to 128k by continued pretraining on longer sequences,
with the rotary base frequency raised from 10,000 to 500,000 (Llama Team, 2024). The cheaper route uses the structure
of RoPE. Position enters only through the angles iθt, so an existing model can be run at longer lengths by rescaling the
angles until the longest wavelengths again span the window; position interpolation and YaRN (Peng et al., 2024) do this
with a short fine-tuning stage instead of a retraining, and YaRN extends Llama 2 from 4k to 64k and 128k tokens by a
per-dimension rescaling of the frequencies and a temperature on the attention scores. Every extended context, however
obtained, is a longer n in the cache expression, and the methods of this section determine what that costs.

5.4 Mixture of experts: from Mixtral to DeepSeek-V3

The second family to be adopted was mixture of experts. Section 4.8 recorded its demonstration (GShard, Switch
Transformer, GLaM) and the reasons adoption stalled. This section explains the mechanism in full, since this is where it
enters the mainline, and follows its production form from Mixtral (January 2024) to DeepSeek-V3 (December 2024).

The mechanism. The feed-forward sublayer of Section 2.3 holds about two thirds of a dense block’s parameters
(more once GQA shrinks the key and value projections) and is applied identically to every position. An MoE layer
keeps the position-wise form and replaces the single FFN by E parallel FFNs, the experts, together with a router: one
trainable matrix Wr whose output, normalized by a softmax, scores every expert for the current token. Only the k
highest-scoring experts are evaluated, and the layer output is their gate-weighted sum (Shazeer et al., 2017; Fedus et al.,
2022):

y =

E∑︂
i=1

r(x)i FFNi(x), r(x) = softmax
(︁
TopK(xWr, k)

)︁
, (14)

where TopK keeps the k largest logits and sets the others to −∞, so that their gates are exactly zero and the
corresponding experts are not computed. Because the surviving gate values multiply the expert outputs, the router
receives gradients through ordinary backpropagation. Shazeer et al. (2017) routed to k = 4 and k = 2 experts; Switch
Transformer showed that k = 1 suffices and simplifies the implementation; the production models below use k = 2
(Mixtral) and k = 6 to 8 over smaller experts (DeepSeek). Figure 11 shows one such layer in place of the feed-forward
sublayer of a decoder block.

The result is the decoupling that Section 4.8 stated informally, now with two quantities. The total parameter count P
counts every weight in the checkpoint and determines the memory a deployed model occupies; the activated parameter
count Pa counts the weights one token reads in a forward pass and determines its compute. In a dense model the
two coincide. In an MoE layer P grows with E while Pa depends only on k, so a model can hold many times the
parameters of a dense model at the same per-token cost. What the layer does not touch is as important: the experts are
position-wise, so the attention sublayer, and with it every factor of the cache expression of Section 2.5, is unchanged.
Routing over experts and the sequence-mixing operator are chosen independently, which is what allows the hybrids of
Section 5.6 and Section 6 to combine them.

The standing cost is that routing does not stabilize itself. Shazeer et al. (2017) describe the failure: “the gating network
tends to converge to a state where it always produces large weights for the same few experts. This imbalance is
self-reinforcing, as the favored experts are trained more rapidly and thus are selected even more”. Three measures
became standard. An auxiliary load-balancing loss penalizes uneven routing; in the Switch form,

Laux = αE

E∑︂
i=1

fi r̄i, (15)
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where fi is the fraction of the batch’s tokens routed to expert i and r̄i the mean router probability it received; the product
is minimized when both are uniform, and the gradient flows through r̄i (Fedus et al., 2022). An expert capacity, a fixed
number of tokens per expert and batch, keeps tensor shapes static on the accelerator; tokens beyond the capacity skip the
layer and pass on through the residual connection. And the router’s arithmetic is kept in full precision, because routing
in bfloat16 diverges (Fedus et al., 2022). On a 256-expert model of Shazeer et al. (2017), switching the balancing terms
off raises test perplexity from 35.6 to 39.8 and lets the busiest expert carry 17.8 times the mean load. MoE therefore
buys compute efficiency with systems complexity, and whether the trade pays depends on whether a model is trained
once or serves billions of tokens.

Figure 11: A mixture-of-experts layer in a pre-norm decoder block. Left: the MoE layer takes the place of the feed-
forward sublayer; attention, normalization and residual stream are unchanged. Right: the router, one trainable matrix
Wr followed by a softmax, scores the E routed experts (here E = 8) for the current token; only the k highest-scoring
experts (here k = 2) are evaluated, and their outputs are multiplied by the gate values and summed. Shared experts
(here Es = 2), present in DeepSeekMoE and its successors, bypass the router and are applied to every token without a
gate. All experts are held in memory and counted in the total parameter count P ; the token reads only the k + Es filled
ones, which is what the activated count Pa measures. Based on the illustrations in the blog post “A Visual Guide to
Mixture of Experts (MoE)” (Grootendorst, 2024).

Mixtral: the open demonstration. Mixtral 8x7B (Jiang et al., 2024), released in January 2024 with open weights, is
a Mistral 7B decoder in which every feed-forward sublayer is replaced by an MoE layer of 8 experts with top-2 routing.
Each token has access to 47B parameters and uses 13B; the name is not a parameter count, since the attention and
embedding parameters are shared by all experts and counted once. On the authors’ benchmarks the model matches or
outperforms Llama 2 70B, which reads more than five times the parameters per token (Jiang et al., 2024). Two findings
in the report matter beyond the scores. The routing analysis finds no specialization by topic: expert choice on The
Pile is aligned with syntax rather than domain, and consecutive tokens are routed to the same expert far more often
than chance (27.9 % of consecutive pairs at the middle layer against a 12.5 % baseline), which the authors treat as a
load-balancing concern for expert parallelism (Jiang et al., 2024). The word “expert” should therefore not be read in its
everyday sense. And the report does not describe the training-side balancing measures of the founding papers at all; by
2024 they were treated as standard infrastructure rather than as a contribution.

DeepSeekMoE: fine-grained and shared experts. Three days after Mixtral, Dai et al. (2024) revised what an expert
is. They name two problems of the conventional layout with 8 or 16 whole-FFN experts: each expert must hold many
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unrelated kinds of knowledge, and knowledge that every token needs is learned redundantly by several experts. Two
changes address them at constant parameters and compute. Fine-grained segmentation splits each expert into m
smaller ones, cutting the inner width to 1/m, and activates m times as many per token; the number of distinct expert
combinations rises from

(︁
16
2

)︁
= 120 for 16 experts with top-2 routing to

(︁
64
8

)︁
≈ 4.4 × 109 after splitting each into

four (Dai et al., 2024). Shared experts are applied to every token and bypass the router (Figure 11), so that common
knowledge is stored once; the number of routed experts activated per token is reduced by the same count. The layer
becomes

yt = ut +

Es∑︂
i=1

FFNi(ut) +

Es+E∑︂
i=Es+1

gi,t FFNi(ut), (16)

with ut the attention output at position t, Es shared experts without a gate, and gates gi,t that equal the router’s
softmax affinity for the k selected routed experts and zero otherwise. The ablation at 2B parameters isolates the second
mechanism: replacing the shared expert by one more routed expert at the same compute raises the Pile loss from 1.808
to 2.414 (Dai et al., 2024). DeepSeekMoE 16B, with 2 shared and 64 routed experts of which 6 are activated, reads 2.8B
of its 16.4B parameters per token and matches LLaMA2 7B at about 40 % of its compute per token (Dai et al., 2024).

DeepSeek-V2: multi-head latent attention. DeepSeek-V2 (DeepSeek-AI, 2024a), published in May 2024, scaled the
layout to 236B total and 21B activated parameters (2 shared and 160 routed experts, 6 activated) and added the epoch’s
most consequential change to the cache. GQA reduces the number of cached heads; multi-head latent attention
(MLA) changes the cached object. A down-projection compresses the block input at position t into one latent vector,
and two up-projections reconstruct the keys and values of all heads from it:

ct = WDKV xt ∈ Rdc , kCt = WUKct, vCt = WUV ct, dc ≪ h dh. (17)

Only ct is cached. The up-projections are fixed matrices, so at inference WUK can be folded into the query projection
and WUV into the output projection, and the per-head keys and values are never formed: attention is computed directly
against the latents. One obstacle shapes the design. RoPE (Section 5.2) multiplies each key by a rotation that depends
on the key’s position, and a position-dependent matrix between WQ and WUK cannot be folded away; applying RoPE
to the reconstructed keys would force the keys of every earlier position to be recomputed at every decode step. MLA
therefore carries position on a separate path: a small rotary key kRt = RoPE(WKRxt) of dimension dr, shared by all
heads, is cached next to the latent and concatenated to every head’s content key, and the per-head queries receive a
matching rotary part. The cache per token is (dc + dr)L elements against 2hdhL for multi-head attention (Figure 12).
DeepSeek-V2 sets dc = 4dh = 512 and dr = dh/2 = 64, so that the cache equals that of GQA with 2.25 groups, while
its 128 query heads keep their own content projections (DeepSeek-AI, 2024a). The controlled comparison separates
MLA from GQA. In the authors’ ablation on two MoE models, MLA matches or exceeds multi-head attention on
their benchmarks, with one exception at the smaller scale, while retaining 14 % and 4 % of the cache; on a 7B dense
model, GQA with eight groups and MQA both lose measurably to multi-head attention (41.2 and 37.9 against 45.2
on MMLU) (DeepSeek-AI, 2024a). The deployment figures, a 93.3 % smaller cache and 5.76 times the generation
throughput of the dense DeepSeek 67B, bundle the architecture with FP8 weights and a cache quantized to about six
bits, as the paper itself notes (DeepSeek-AI, 2024a).

DeepSeek-V3. DeepSeek-V3 (DeepSeek-AI, 2024b), published in December 2024, carried the template to 671B
total and 37B activated parameters: 61 blocks, MLA with the same dc and dr, and MoE layers with 1 shared and 256
routed experts of which 8 are activated per token, pretrained on 14.8T tokens in 2.788 million H800 GPU-hours. Its one
change to routing removes the auxiliary loss: a per-expert bias is added to the affinity scores for the top-k decision only,
and is raised or lowered after every training step according to whether the expert was under- or overloaded, so that
balance is maintained without a term in the loss that competes with the language-modeling objective (DeepSeek-AI,
2024b). The model became the reference design of the open frontier, which Section 6.5 follows to a trillion parameters.

28



The Evolution of Large Language Model Architectures:
From the Transformer to Hybrid Models (2017–2026) PREPRINT · VERSION 1.0

Figure 12: Query heads (orange), key heads (dark) and value heads (blue) under four attention designs, drawn for h = 8
query heads; dashed lines mark the heads that share a key or a value, hatched objects are what the KV cache holds per
position, outlined objects are reconstructed from it at use. Multi-head attention stores a key and a value for each of
the h heads (2hdhL elements for L blocks); multi-query attention shares one key/value head across all query heads
(2dhL); grouped-query attention stores one pair per group (2hkvdhL, here hkv = 4); multi-head latent attention stores
one latent vector ct and one decoupled rotary key kR ((dc + dr)L): the latent is up-projected into every key and value
head, the rotary key is concatenated to every key head, and with the absorption described in Section 5.4 the per-head
keys and values are never formed at all. Based on the illustrations in the blog post “Attention Variations—MQA vs
GQA vs MHA vs MLA” (VerticalServe, 2024).

5.5 Fixed-state recurrence: from Mamba to the delta rule

The third family was the oldest. Section 4.7 left two fixed-state alternatives to attention: linear attention, whose running
state ϕ(K)⊤V is updated by adding one outer product per token, and the state space model S4, a linear recurrence with
fixed dynamics that can be trained as a convolution. Both have the same limitation: the update rule is the same for
every token. Linear attention adds every token into the state with the same weight and never removes anything, and
S4’s transition matrices are fixed parameters, so neither can decide, on the basis of the current token, what to keep and
what to forget. Full attention has no such problem because it keeps every key and value and re-reads them, which is
exactly what makes it expensive. The development of 2023–2024 was to make the state update depend on the input.
This section explains it as a sequence of three steps: selection (Mamba), the identification of state space models with
linear attention (Mamba-2), and targeted overwriting (the delta rule). Table 6 places the resulting family against the
cache-bearing designs of Sections 5.3 and 5.4.

Mamba: selective state spaces. In December 2023, Gu and Dao (2024) took the S4 recurrence as their starting point,
written here with state si and input xi (Section 4.7 used S4’s own symbols):

si = Āi si−1 + B̄i xi, yi = Ci si, Āi = exp(∆iA), (18)

where the state has Ns dimensions per channel, A is a fixed diagonal matrix, and the input matrix Bi, the output matrix
Ci and the step size ∆i are functions of the current token xi (linear projections, with a softplus for the step size). This
input dependence is the contribution, selectivity. The step size acts as a gate: a large ∆i drives Āi towards zero and
resets the state to the current input, a small ∆i keeps Āi near the identity and carries the state through unchanged; Bi
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decides what of the token is written and Ci what is read out. The price is the convolutional training form of S4, which
requires time-invariant dynamics. Mamba replaces it with a hardware-aware scan: the state is kept in on-chip SRAM
rather than materialized in HBM, and the intermediate states are recomputed in the backward pass, the principle of
FlashAttention (Section 5.3) applied to a recurrence. The ablations show what selectivity buys. On a synthetic copying
task that requires content-dependent filtering, the non-selective layer scores 18.3 % and the selective one 97.0 %. On
Pile perplexity at 350M parameters, enlarging the state from Ns = 1 to 16 changes almost nothing while the dynamics
are fixed (9.88 to 9.81) and changes a great deal once they are selective (9.73 to 8.71) (Gu and Dao, 2024): state
capacity is useful only if the model controls what is written into it. At 2.8B parameters, trained on 300B tokens, Mamba
reaches an average zero-shot accuracy of 63.3 % against 61.7 % for Pythia-6.9B, the first attention-free model to match
a Transformer of twice its size, and decodes with about five times the throughput of a Transformer of similar size,
because without a KV cache it can serve much larger batches (Gu and Dao, 2024). Its inference state is a constant, Ns

dimensions per channel and layer, independent of n. The authors’ own limitation applies: nothing was evaluated above
2.8B parameters.

Mamba-2: state space models are linear attention. In May 2024, Dao and Gu (2024) showed that the two fixed-state
families of Section 4.7 are one. Unrolling the recurrence writes the output as a matrix product y = Mx whose entries
are Mji = C⊤

j Āj · · · Āi+1 Bi for j ≥ i. If the transition matrices are restricted to scalar multiples of the identity,
Āi = aiI , each entry factors into a decay product and a dot product,

Mji =
(︁
aj · · · ai+1

)︁
C⊤

j Bi, (19)

which is masked linear attention with C as the queries, B as the keys, x as the values and the cumulative decay as a
data-dependent causal mask; the state dimension Ns is the feature dimension dϕ of Section 4.7. The recurrent form
and the attention form are two ways of evaluating the same structured (“semiseparable”) matrix, and the duality yields
a training algorithm that computes the diagonal blocks with matrix multiplications on tensor cores and passes the
state between blocks by a recurrence, 2–8× faster than Mamba’s scan and faster than FlashAttention-2 beyond 2k
tokens (Dao and Gu, 2024). The restriction to a scalar transition slightly reduces expressiveness, which the delta rule
below partly restores. One experiment in the paper is the origin of the hybrid designs of Section 5.6 and Section 6. In a
48-layer sweep at 350M parameters, Pile perplexity is 8.60 with no attention layers, 8.26 with 6 and 8.50 with 24; at
2.7B parameters on 300B tokens, 6 attention layers among 64 reach 5.95 against 6.09 for the pure model and 6.13 for a
Transformer of the same size (Dao and Gu, 2024). A small number of attention layers is not a compromise between
two designs but an interior optimum, and the authors’ hypothesis is that the recurrent layers act as a general sequence
transformation while the attention layers act as retrieval. Section 5.6 returns to it.

The delta rule: targeted forgetting. A scalar decay forgets every stored association in the same proportion. The
gated linear attention line took two further steps. GLA (December 2023) (Yang et al., 2024a) makes the decay a
data-dependent gate on the matrix state of linear attention and supplies a chunkwise, hardware-efficient training
algorithm for it; DeltaNet (June 2024) (Yang et al., 2024b) replaces the additive state update by the delta rule of
classical associative memory and makes it trainable in parallel over the sequence through a compact representation
of products of Householder matrices. Writing the state in the orientation of Section 4.7, Si ∈ Rdk×dv with S⊤

i−1ki
the value currently stored under the key ki, the delta rule first subtracts that value and then writes the new one. Gated
DeltaNet (December 2024) (Yang et al., 2025) combines both operations:

Si = αi

(︁
I − βi kik

⊤
i

)︁
Si−1 + βi kiv

⊤
i , (20)

where αi ∈ (0, 1) is the decay, which clears stale context uniformly, and βi the writing strength, which controls how
far the old value under ki is replaced by the new one. Setting αi = 1 recovers DeltaNet, and βi = 0 a Mamba-2-style
decay. At 1.3B parameters on 100B tokens the combination reaches a higher average zero-shot accuracy than Mamba-2,
DeltaNet and the Transformer baseline (55.3 % against 54.9 %, 52.1 % and 52.3 %), and on a synthetic retrieval task at
4k tokens it scores 92.2 % against 56.2 % for decay alone and 18.6 % for the delta rule alone (Yang et al., 2025). The
authors are equally clear about the cost: on a pass-key task at 8k tokens the ungated delta rule scores 98.8 % against
91.8 % for the gated one, because the gate discards information (Yang et al., 2025). The gates do not add capacity to a
fixed state; they allocate it.

The family. Other lines arrived at the same design from other starting points: RWKV (May 2023) (Peng et al., 2023)
from attention-free recurrent networks, with a learned per-channel decay; RetNet (July 2023) (Sun et al., 2023) from a
decay-based retention operator with parallel, recurrent and chunkwise forms; Griffin (February 2024) (De et al., 2024)
from a gated linear recurrence (RG-LRU), whose pure form, Hawk, outperforms Mamba on downstream tasks at equal
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Table 6: The linear and recurrent family, 2020–2024. In every row the per-layer state is fixed before the sequence is
seen and does not grow with n; the rows differ in how the state is written and cleared and in the form used for training.

Model Year State update Forgetting Training form

Linear attention
(Katharopoulos et al., 2020)

2020 additive accumulation of kv⊤ none parallel (associativity)

S4
(Gu et al., 2022)

2021 fixed linear dynamics fixed decay,
input-independent

convolution

RWKV
(Peng et al., 2023)

2023 additive, per-channel decay learned per channel,
input-independent

parallel

RetNet
(Sun et al., 2023)

2023 additive, exponential decay fixed per head parallel / recurrent /
chunkwise

Mamba
(Gu and Dao, 2024)

2023 input-selective dynamics (∆i, Bi,
Ci)

learned,
input-dependent

hardware-aware scan

GLA
(Yang et al., 2024a)

2023 additive with gated decay learned gate,
input-dependent

chunkwise

Griffin / Hawk
(De et al., 2024)

2024 gated linear recurrence (RG-LRU) learned gate,
input-dependent

parallel scan (Griffin adds
local attention)

xLSTM
(Beck et al., 2024)

2024 exponential gating, matrix-valued
cell (mLSTM)

learned gate,
input-dependent

parallel (mLSTM), recurrent
(sLSTM)

Mamba-2
(Dao and Gu, 2024)

2024 scalar decay (SSD) learned scalar,
input-dependent

chunked matrix
multiplication (duality)

DeltaNet
(Yang et al., 2024b)

2024 delta rule (targeted overwrite) replacement under the
written key

chunkwise (Householder
products)

Gated DeltaNet
(Yang et al., 2025)

2024 decay and delta rule combined both chunkwise

size; and xLSTM (May 2024) (Beck et al., 2024) from the LSTM itself, with exponential gating and a matrix-valued cell.
Table 6 lists them. The convergence is on requirements rather than on a winner: a state of fixed size, an input-dependent
rule for writing to it and clearing it, and a training form that is not a serial loop. What none of them escapes is stated by
the Gated DeltaNet authors themselves: a state of fixed dimension can hold only a bounded number of distinguishable
key–value associations, and once a sequence contains more, retrieval degrades. Constant inference state is therefore
bought with exact recall. Section 6 shows that every hybrid design of 2025 is a response to this limitation.

5.6 First hybrids

Fixed-state models have constant state and bounded recall; attention has exact recall and growing state. The composition
question follows: how few attention layers does a recurrent stack need to recover exact recall? The Mamba-2 sweep of
Section 5.5 gave a first answer, six among 64, and three models of 2024 gave it production form.

Griffin (February 2024) (De et al., 2024) interleaves its gated recurrence with local sliding-window attention rather
than full attention, so its state is bounded by construction, and reaches the quality of Llama 2 with about six times
fewer training tokens by its authors’ measurement. Jamba (March 2024) (Lieber et al., 2024) is the first hybrid with full
attention at production scale. Its unit is a block of eight layers in which attention and Mamba layers alternate at a ratio
of 1:7, with an MoE sublayer (16 experts, top-2) in every second layer; the released model stacks four such blocks, for
52B total and 12B activated parameters, supports contexts of 256k tokens, and was designed to fit one 80 GB GPU,
which it does even when processing texts of 140k tokens. The cache is paid for the attention minority only: at 256k
tokens and 16-bit precision the authors tabulate 4 GB for Jamba against 32 GB for Mixtral and 128 GB for a 7B-class
Llama 2 with full multi-head attention (Lieber et al., 2024). Their ablations at 1.3B and 7B parameters find virtually
no difference between ratios of 1:3 and 1:7, and scaling the Mamba layers required an RMSNorm on their internal
activations to remove loss spikes (Lieber et al., 2024). Samba (June 2024) (Ren et al., 2025) showed that the simplest
composition suffices: Mamba layers, sliding-window attention and MLPs, at 3.8B parameters on 3.2T tokens, trained at
4k tokens, run at 256k tokens with perfect memory recall on the authors’ test and at 1M tokens with still-improving
perplexity, and 3.73 times the throughput of a GQA Transformer on 128k-token prompts (Ren et al., 2025). The design
principle that Epoch IV adopts at scale is complete in these three models: a small minority of attention layers, retained
to supply the exact recall a fixed state cannot, and everything else as cheap as possible. Which minority, and in which
unit it is counted, is the disagreement Section 6.2 documents.
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5.7 Small models: the other end of the scale

The inference economics that moved the frontier to MoE and hybrids also produced a literature in the opposite direction:
models of one to fourteen billion parameters that run on one GPU or on a phone. It inverts the logic of Epoch II
deliberately, and three strategies can be separated.

Data quality in place of scale. phi-1 (June 2023) (Gunasekar et al., 2023) trained a 1.3B model for four days on eight
A100 GPUs on under 7B tokens of code selected or generated for “textbook quality” (web code filtered by a classifier,
plus synthetic textbooks and exercises written by GPT-3.5) and reached 50.6 % pass@1 on HumanEval, above every
model in its comparison table except GPT-4, including models trained on a hundred times the tokens (Gunasekar et al.,
2023). When the training data is manufactured, contamination of the benchmark is the first hypothesis to exclude,
and the paper’s own test is a strong one: every training exercise similar to a HumanEval problem (by syntax-tree and
embedding similarity) is removed and the model retrained from scratch. At the most aggressive threshold, which
removes more than 40 % of the exercises, the score falls from 50.6 % to 45.1 %, so most of the result survives the
test (Gunasekar et al., 2023). Neither the corpus nor the generation prompts were released, so the result cannot be
reproduced from the paper. phi-4 (December 2024) (Abdin et al., 2024) scaled the recipe to 14B parameters and about
10T tokens, of which 40 % are synthetic, and validated on 78 contest problems published after its training cutoff. It
also marks the boundary of the thesis: a synthetic-only mixture underperformed on knowledge-heavy benchmarks
and hallucinated more (Abdin et al., 2024). Synthetic data substitutes for scale on reasoning-shaped tasks and not on
knowledge-shaped ones.

Architecture under a memory budget. Below a billion parameters, the scaling-law finding that shape hardly matters
(Section 4.2) no longer holds. MobileLLM (February 2024) (Liu et al., 2024) trained a grid of models of about 125M
and 350M parameters that differ only in depth and width and found that at fixed size deep and thin wins: 30 blocks at
width 512 beat 12 blocks at width 768 (44.8 against 43.9 on the paper’s eight-task average), where earlier models of
this size had used about 12 blocks. Three further choices follow from where the parameters sit. The input and output
embeddings take more than 20 % of a 125M model (against 0.7 % of a 70B model), so sharing one matrix for both
frees 11.8 % of the budget, which is reinvested in depth; grouped-query attention with a 4:1 head ratio serves here as a
weight saving rather than a cache reduction; and two adjacent blocks can share their weights and be executed twice, so
that a block loaded into the roughly 20 MB of on-chip SRAM of a phone is used twice per pass. The paper supports
the argument with an on-device measurement: on an iPhone 13 the shared-weight model executes in 16.0 ms against
15.6 ms for the unshared model of the same size, while a 60-block model of the same executed depth without sharing
takes 29.0 ms (Liu et al., 2024).

Overtraining on purpose. TinyLlama (January 2024) (Zhang et al., 2024) trained a 1.1B model of the Llama
architecture on up to 3T tokens, and SmolLM2 (February 2025) (Ben Allal et al., 2025) a 1.7B model on about
11T tokens, both far beyond the Chinchilla allocation of Section 4.4. TinyLlama states LLaMA’s inference-budget
argument (Section 5.1) as its reason, and SmolLM2 describes its budget as deliberate overtraining relative to the
compute-optimal allocation: training compute is spent once, inference cost is paid on every request, so at a fixed serving
cost the best model is the smallest one that can be trained to the required quality, however many tokens that takes. The
compute-optimal allocation was not wrong; it optimizes an objective that stopped being the objective when models
became services.

5.8 Retrospect

Every mechanism in this chapter optimizes serving rather than training, and several pay a training-side price for it:
GQA costs quality by its authors’ measurement, MoE adds balancing losses and capacity limits, selective recurrence
gives up the convolutional training form, and the small models spend far more training compute per parameter than the
compute-optimal allocation prescribes. The bottleneck named in Section 5.1 explains the selection. It also explains the
timing: multi-query attention (2019) was adopted in 2023, windowed attention (2019–2020) shipped in a production
model in 2023, state space models (2021) reached the mainline in 2023, and mixture of experts (2017 in form, 2021 at
scale) became a downloadable artifact in 2024. None of the ideas was new; the constraint that made them worth their
cost was.

Two properties of the resulting design space carry into Epoch IV. The first is that the epoch established two decouplings
and that they are orthogonal. Mixture of experts decouples the total parameter count from the compute per token and
touches only the position-wise sublayer; fixed-state recurrence decouples the inference state from the sequence length
and touches only the sequence-mixing sublayer. They modify disjoint components of the block of Section 2.3, so they
compose without interference, which is why Jamba could combine them in 2024 and why every flagship design of
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2025 is some combination of routed feed-forward sublayers, a cheap sequence-mixing majority and a small attention
minority. The second is the cost of the second decoupling, stated in Section 5.5: a state of fixed size cannot store an
unbounded number of exact associations, so constant inference state is bought with exact recall, and the attention layers
retained in the hybrids of Section 5.6 are retained to buy it back. By the end of 2024 every component was mature, the
recipe of Section 5.2, the reduced caches of Sections 5.3 and 5.4, routed experts and gated recurrences, and the question
of how to compose them was open. Epoch IV is the field answering that question from several directions at once and, as
Section 6.7 records, not agreeing on the answer.

6 Epoch IV: Convergence and New Axes (2025–2026)

6.1 The setting

By the end of 2024 every component of the later designs was available (Section 5.8): the decoder recipe of Section 5.2,
routed feed-forward sublayers, a family of fixed-state sequence mixers, compressed and windowed caches, and the
demonstration that a small number of attention layers restores the exact recall that a fixed state lacks (Section 5.6). Two
pressures drove their combination. The first was the cost of context: windows of 100k to one million tokens moved
from demonstrations into products. The second was new. From late 2024, reasoning models generated thousands of
tokens per answer before giving it (Section 6.4), and every one of these tokens is a decode step that re-reads a growing
KV cache (Section 2.5). Reasoning therefore multiplied the pressure on inference state rather than relieving it. This
chapter covers the hybrid designs that combine the components (Section 6.2), the return of sparse attention in trainable
form (Section 6.3), test-time compute as a third scaling axis (Section 6.4), the consolidation of the open frontier on one
template (Section 6.5), and the paradigms that reject the premises of the mainline (Section 6.6). Section 6.7 records that
the field converged on a design principle without converging on its parameter.

6.2 Hybrid convergence

Within about eighteen months, at least six independently developed model families adopted the same design: a small
minority of full-attention layers interleaved with linear or recurrent layers, usually combined with routed (MoE)
feed-forward sublayers. In order of publication:

• MiniMax-01 (MiniMax, 2025a) (January 2025): 456B total and 45.9B activated parameters, the largest
linear-attention deployment to date, with one softmax-attention block after every seven lightning-attention
blocks; trained to a context of 1M tokens, with retrieval demonstrated at 4M.

• Nemotron-H (NVIDIA, 2025a) (April 2025): a dense hybrid without MoE, with attention in about 8 % of the
layers, spread evenly (4 of 52 layers in the 8B model), and a reported long-context inference throughput of up
to 3× that of Transformers of the same class.

• Qwen3-Next (Qwen Team, 2025) (September 2025): the first flagship open line with the pattern, built from
repeating cells of three Gated DeltaNet layers and one attention layer, with an MoE sublayer after every mixer
(80B total, 3B activated); the Qwen3.5 series inherits the layout.

• Kimi Linear (Kimi Team, 2025b) (October 2025): three Kimi Delta Attention layers per full-attention layer,
where the full-attention layers use MLA (Section 5.4), so that both cache reductions of Epoch III are combined
in one design (48B total, 3B activated).

• Nemotron 3 (NVIDIA, 2025b) (December 2025): MoE-plus-Mamba stacks with “only a select few attention
layers”, discussed below.

• In production: IBM Granite 4.0 (October 2025) with a 9:1 ratio of Mamba-2 to attention layers (Soule and
Bergmann, 2025), Falcon-H1 (May 2025) with attention and Mamba heads computed in parallel within one
layer, and Tencent’s 560B Hunyuan-TurboS (Falcon LLM Team, 2025; Tencent Hunyuan Team, 2025).

The shared reason. Two features are common to these systems beyond the layer ratio. First, the stated reason is
the same wherever one is given, and it is the limitation recorded at the end of Epoch III (Section 5.5): a fixed state
cannot perform exact retrieval. MiniMax concludes from its own experiments that pure linear attention is “unsuitable”
for LLMs because it fails the recall that in-context learning requires; Kimi Linear names finite state capacity as the
motivating bottleneck; and the Mamba-3 authors expect their layers to be used mainly inside hybrids for the same
reason (MiniMax, 2025a; Kimi Team, 2025b; Lahoti et al., 2026). The attention minority is therefore not a compromise
between two designs but a component added for recall. Second, several of these systems remove position encoding from
the attention layers entirely (Jamba, Kimi Linear, Nemotron 3, Mamba-3): the recurrent layers carry position implicitly,
and the attention layers operate as order-independent retrieval (Lieber et al., 2024; Kimi Team, 2025b; NVIDIA, 2025b).
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Controlled evidence. The production pattern agrees with the controlled studies. In July 2025, Wang et al. (2025)
trained 72 matched models across six linear-attention variants and interleaving ratios from 24:1 to 3:1. Language-
modeling quality is nearly constant across the entire range, whereas recall rises with the attention share and saturates at
about 3:1, where roughly a quarter of the layers provide near-Transformer recall at a several-fold smaller cache. Kimi
Linear’s ratio sweep shows the same flat region. Gemma 3 (Gemma Team, 2025) (March 2025) reports the analogous
result on a neighboring axis, five local-attention layers per global one, with perplexity unchanged even at 7:1: a different
mechanism with the same design response.

The allocation parameter. The principle converged; its parameter did not. Jamba interleaves at 1:7, MiniMax-01 at
one block in eight, Nemotron-H at about 8 %, Kimi Linear at 3:1, and Wang et al. (2025) recommend 3:1 to 6:1. These
figures are not in the same units: some count blocks, some sublayers, some percentages with different denominators,
and Nemotron 3 states no ratio at all but publishes a per-layer placement string whose runs are not uniform. This
scatter is evidence rather than noise. When independent groups agree on a principle but arrive at different values of its
parameter, the constraint is not sharp: a broad interior region of the allocation space is adequate for quality, and each
group settled where its deployment budget, operator choice and depth placed it. The sweeps predict exactly this: the
allocation is weakly determined by quality and fixed by cost.

The cost of the minority. The retained attention layers dominate the cost they were introduced to reduce. At a context
of one million tokens, MiniMax-01 reports that its softmax layers, one eighth of the stack, account for about 95 %
of attention latency (MiniMax, 2025a), and Kimi Linear states the same bound analytically: the achievable speedup
approaches the layer ratio and cannot exceed it. Hybrids reduce the growth of inference state; they do not remove it,
and several of the savings reported in this literature are design targets rather than measurements.
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Figure 13: Layer allocation in six hybrid stacks, one column per model with layer 1 at the top, each drawn in the unit of
its own source and not converted to a common unit: one cell per sublayer for Nemotron 3 (the released layout strings,
character by character), one cell per mixing layer with its feed-forward sublayer for Qwen3-Next, Qwen3.5 and Kimi
Linear, and one cell per block for MiniMax-Text-01. Full-attention cells, the only ones that write a KV cache, are
marked against the linear or recurrent majority (Mamba-2, Gated DeltaNet, KDA, lightning attention). Kimi Linear
and MiniMax-Text-01 follow their released configurations (Moonshot AI, 2025; MiniMax, 2025c): 27 layers with full
attention at layers 4, 8, 12, 16, 20, 24 and 27 and a dense feed-forward in the first layer, and 80 blocks with softmax
attention in every eighth block. The figure shows what a ratio cannot: where in the depth the retained attention sits, and
that the spacing is not always the uniform period that a single number implies.
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Table 7: The hybrid stacks. The allocation column reproduces each source’s own statement and is not converted to a
common unit, because the sources count different objects (blocks, sublayers, percentages with different denominators);
“–” marks an allocation that no primary source states numerically.

System Year Params
(total/act.)

Mixer majority Attention minority (as
stated)

MoE

Jamba
(Lieber et al., 2024)

2024 52B / 12B Mamba 1:7 attention:Mamba
(paper’s layers)

16 experts, top-2, every
2nd layer

Samba
(Ren et al., 2025)

2024 3.8B dense Mamba interleaved
sliding-window (no ratio)

–

MiniMax-01
(MiniMax, 2025a)

2025 456B / 45.9B Lightning
(linear)

1 softmax block per 7
(blocks)

32 experts, top-2

Nemotron-H
(NVIDIA, 2025a)

2025 8B & 56B
models, dense

Mamba-2 ∼8 % of layers
(sublayers; 4 of 52 at 8B)

–

Qwen3-Next
(Qwen Team, 2025)

2025 80B / 3B Gated
DeltaNet

1 per 4 mixing layers
(model card layout)

512 experts, 10 + 1
shared

Kimi Linear
(Kimi Team, 2025b)

2025 48B / 3B Kimi Delta
Attention

3:1 KDA:MLA (blocks) 256 experts, 8 incl.
shared

Nemotron 3 Nano
(NVIDIA, 2025b)

2026 31.6B / 3.2B Mamba-2 – (6 of 52 layers; no ratio
stated)

128 experts, 6 active

Gemma 3 (neighboring
axis) (Gemma Team, 2025)

2025 dense local attention 5:1 local:global (layers) –

6.3 Trainable sparsity and fusion

The sparse-attention line of 2019–2020 (Section 4.7) also returned, in a form shaped by the failure of the first wave.
Native Sparse Attention (NSA) (Yuan et al., 2025) (February 2025) names two reasons for that failure: sparsity
patterns imposed after pretraining diverge from the model’s optimization trajectory, and token-level selection breaks the
contiguous memory access that modern kernels require. NSA therefore trains the sparsity. For each query, three parallel
branches attend over compressed block summaries, over the top-scoring blocks at full resolution, and over a sliding
window, and their outputs are combined by learned gates:

ot =
∑︂

c∈{cmp, slc,win}

gct ·Attn
(︁
qt, K̃

c
t , Ṽ

c
t

)︁
, (21)

where K̃c
t and Ṽ c

t are the keys and values that branch c makes visible to position t and gct ∈ [0, 1] is the gate of that
branch. The attention scores of the compression branch are reused as the block scores of the selection branch, so the
pattern is learned end-to-end without an auxiliary objective, and the block sizes are chosen for the hardware from the
start. In DeepSeek’s matched-pretraining comparison the sparse model outperforms full attention on 7 of 9 general
benchmarks and on the long-context suite, which the authors interpret as a regularization effect rather than only a cost
reduction. MoBA (Lu et al., 2025) (February 2025) arrives at a similar design with a parameter-free block selector and
notes that sliding windows and attention sinks are fixed special cases of a learned gate.

Sparse and linear attention are different purchases, and the field sorted them accordingly. Sparse attention still stores the
full cache; it saves reads, not state. This is why the hybrid stacks of Section 6.2 chose linear mixers for their majority,
and why Kimi Linear, after comparing the two directly, kept sparse attention out of its design (Kimi Team, 2025b).
The separation may not be permanent: MiniCPM-SALA (MiniCPM Team, 2026) (2026) combines sparse and linear
attention in one model, merging the two routes away from O(n2) that had developed separately since 2019.

6.4 Test-time compute: the third scaling axis

The mechanism had been documented since January 2022. Chain-of-thought prompting (Wei et al., 2022) showed that
prompting a large model to produce intermediate reasoning steps raises its accuracy on multi-step problems (PaLM
on GSM8K: 17.9 % to 56.9 %), with two findings that matter here. The gains appear only at scale, at roughly 100B
parameters, while below about 10B the technique reduces accuracy; and the decisive ablation shows that tokens without
content contribute nothing: prompting the model to emit meaningless filler of equal length leaves accuracy at the
baseline. Generated tokens are the unit in which this axis is paid for, not the mechanism of the improvement.
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OpenAI’s o1 (OpenAI, 2024) (September 2024) turned the observation into a scaling axis: a model trained with
reinforcement learning to produce long chains of thought before answering, with performance reported to improve both
with more reinforcement learning and with more thinking time at inference. The architecture was not disclosed. The
open replication followed within months and documented the procedure. DeepSeek-R1 (DeepSeek-AI, 2025) (January
2025) is the cleanest controlled experiment in this survey: starting from DeepSeek-V3-Base, reinforcement learning
against rule-verifiable rewards alone (checked mathematical answers, compiled code; no learned reward model and no
supervised reasoning data) raised AIME pass@1 from 15.6 % to 71.0 %, and the average response length grew over
training without being optimized directly; the authors write that the model “naturally learns to solve reasoning tasks
with more thinking time”. In the final comparison, R1 scores 79.8 on AIME against 39.2 for DeepSeek-V3, two models
whose architecture is identical in every respect. s1 (Muennighoff et al., 2025) (January 2025) demonstrates a minimal
form of the same axis: after fine-tuning on one thousand examples, forcing the model to continue thinking changes its
accuracy.

This independence from architecture is exactly why the axis belongs in an architecture survey. Reasoning tokens are
spent entirely in decode, the memory-bound regime of Section 2.5. A long prompt is prefill: parallel, compute-bound
and cheap per token. A long chain of thought is generated one token at a time, and each step re-reads a cache that the
chain itself extends. The same sequence length is therefore more expensive when the model produces it than when
the user supplies it, and reasoning models produce long sequences. The cache reductions of Epoch III (GQA, MLA,
hybrids) thus gained value when models began to reason; the two axes of Epoch IV multiply rather than add. Their
combination followed in June 2025: MiniMax-M1 (MiniMax, 2025b) is a reasoning model trained on the hybrid-linear
MiniMax-01 base, long generation on a substrate with cheap state.

Figure 14: The scaling axis pursued by the field, by year, as this survey reads the literature. Each band is one route to
capability, placed against its defining evidence: parameter count (GPT-3; Kaplan et al., 2020), the compute-optimal
balance of parameters and tokens (Hoffmann et al., 2022), small models through data quality and deliberate overtraining
(phi-1, MobileLLM, SmolLM2, Gemma 3), and test-time compute (chain-of-thought prompting, DeepSeek-R1). The
height of a band in a given year shows how much of the field’s effort that axis absorbed in the literature of that year, in
the survey’s own judgment: a qualitative reading, not a measured quantity, and the figure has no vertical scale. The
axes are not commensurable (Section 7.1); what connects the newest to the others is that its cost falls entirely on the
decode-time state of Section 2.5.

6.5 The open frontier at trillion scale

While architectures diversified below the frontier, the open frontier consolidated on one template. Kimi K2 (Kimi Team,
2025a) (July 2025) scaled the DeepSeek-V3 design (Section 5.4) to about one trillion total parameters at about 32B
activated: MLA, hundreds of fine-grained experts, and a higher sparsity. GLM-4.5 (GLM-4.5 Team, 2025) (July 2025)
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is a 355B MoE with a switchable reasoning mode. OpenAI’s gpt-oss (OpenAI, 2025) (August 2025), the company’s
first open-weights architecture disclosure since GPT-2, is an MoE decoder with grouped-query attention (64 query
heads, 8 key/value heads) and alternating full and windowed attention, i.e. the same recipe as the other open models.
The dense frontier of Epoch II no longer exists; at the scale of 2025–2026, every documented frontier model is a sparse
MoE with a compressed or partial cache.

6.6 Alternative paradigms

Alongside the mainline, several research programs reject premises that every mainline model shares. Each is included
here for one reason: it removes a component that all mainline models have in common, and none has been demonstrated
at mainline scale. They show that the mainline’s treatment of inference state is a choice, not a necessity.

Diffusion language models remove left-to-right generation. LLaDA (Nie et al., 2025) (February 2025) trains a
bidirectional mask predictor and generates by iteratively unmasking an entire response. A KV cache is impossible
by construction, because every position’s representation changes at every step, so cached state is replaced by full
recomputation per step; whether this is cheaper depends on the ratio of denoising steps to generated tokens, a
hyperparameter. Mercury (Inception Labs et al., 2025) (2025) made the speed argument commercially, with its fastest
variant above 1,000 tokens per second on an H100 (1,109 for Mercury Coder Mini, 737 for the Small variant). BitNet
b1.58 (Ma et al., 2024) (February 2024) changes the precision: ternary weights {−1, 0, 1} trained natively, with the
prospect of order-of-magnitude savings in arithmetic, while the cache, the object this survey tracks, is unchanged.
Titans (Behrouz et al., 2025) (December 2024) makes memory a quantity learned at inference: a small network whose
weights are updated by gradient descent while the sequence is processed, with a surprise measure deciding what is
written. BLT (Pagnoni et al., 2025) (December 2024) removes the tokenizer and learns dynamic byte patches whose
compute adapts to the complexity of the input. Under this survey’s question, what a model’s inference state is, they give
three mutually exclusive answers: shrink the weights around the state, abolish the state and recompute, or make the
state a quantity the model learns while running. The mainline chose a fourth: keep the state and reduce its size.

6.7 Retrospect: convergence and dissent

What had converged by 2026 can be listed: decoder-only architectures everywhere; routed feed-forward sublayers at
every scale that can afford the memory; the hybrid principle, a small full-attention minority retained for recall, stated in
near-identical terms by independent groups; and the removal of position encodings from attention layers in several
designs. The epoch also added a scaling axis that is independent of architecture and yet places its entire cost on the one
object that architecture had spent years reducing.

What did not converge is at least as informative. The allocation parameter is stated in incompatible units or not at all.
And the attention question itself reopened: MiniMax, the flagship of the linear-hybrid line, returned to full softmax
attention in MiniMax-M2, citing quality gaps of efficient attention on multi-hop reasoning and long context together
with the greater maturity of full-attention infrastructure (MiniMax, 2026), while Qwen’s mainline adopted DeltaNet
hybrids, DeepSeek trainable sparsity, and MiniCPM the fusion of sparse and linear attention. Four frontier groups gave
four different answers to the same question at the same time. This survey reads the disagreement as underdetermination
rather than confusion: at current scales and prices the design space does not single out an answer, so deployment
economics rather than expressiveness selects each group’s point. What is unanimous is the target. Every branch of the
2026 disagreement is a different strategy against the same quantity, the memory a model must hold and re-read per
generated token. How the nine-year development arrived at this consensus, and what it leaves open, is the subject of
Section 7.

7 Synthesis: Nine Years in Four Lines

The epoch chapters follow the chronology. This chapter reads the same material along four development lines that span
the whole period and together answer the third research question of Section 1.1: in which direction the field has moved
over nine years, as distinct from the direction any single year appeared to take.

7.1 The four lines

Line 1: the overall form was chosen once and not revisited. The choice between encoder-only, decoder-only and
encoder–decoder models in 2018–2019 (Section 3) is the only point in the nine years at which the overall form of
the language model was open. Every later development took place inside the causal decoder. As Section 3.6 showed,
the form was not selected on the benchmark evidence of its time, which favored the bidirectional variants; its three
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structural properties, supervision at every position, the text interface and cacheability, became decisive only under
the scale of Epoch II and the deployment pressure of Epoch III. The methodological consequence is that the most
consequential architecture comparison of the period was settled before the criteria that decided it existed.

Line 2: the core is unchanged, the periphery was rebuilt, and one quantity was reduced factor by factor. A
comparison of an open decoder of 2026 with the original of 2017 shows the attention operator, the residual stream and
the block interface unchanged; the durable changes are component-for-component substitutions (RoPE, RMSNorm,
SwiGLU; Section 5.2) that were settled by 2023 and have not moved since. The sustained development concerns
the KV cache of Section 2.5, whose size per sequence is 2 · n · L · hkv · dh. Read in order, the architecture history
after 2022 reduces this expression one factor at a time, from the cheapest intervention to the most expensive: first
hkv (MQA and GQA, a configuration change; Section 5.3), then the product hkvdh (MLA, which changes the cached
object; Section 5.4), then the operator that produces a cached object at all (linear and state-space mixing with constant
state; Section 5.5), then L (hybrids, in which only a minority of layers keeps a cache; Sections 5.6 and 6.2), and
finally the dependence on n itself (sliding windows and attention sinks; Section 5.3). Each site was addressed once the
previous one was exhausted. None of this sequence is visible in a cost model stated in training FLOPs, which is why
the efficiency wave of Epoch II, evaluated in those terms, was not adopted (Section 4.7), and why the same ideas were
adopted once the binding constraint moved to decode-time memory (Section 5.8).

Two decouplings underlie this sequence, and their orthogonality structures the current design space. Mixture of experts
separates the total parameter count from the compute per token and modifies only the position-wise FFN; linear and
recurrent mixing separates the inference state from the sequence length and modifies only the sequence-mixing operator.
Because they modify disjoint components of the block, they compose without additional machinery, which is what
makes the hybrid MoE stacks of Epoch IV possible. Neither is free: the first is paid in memory footprint and routing
infrastructure, the second in exact recall. The hybrid principle, a small full-attention minority retained to restore recall,
is the field’s current answer to the second cost.

Line 3: methods were adopted when their bottleneck arrived, not when they were published. The most frequent
pattern in this survey is that nearly every mechanism of Epochs III and IV had been published years earlier and was not
adopted at the time. Table 8 lists the cases.

Table 8: Publication and adoption of the main efficiency mechanisms. The dormancy is the interval between the first
publication of a mechanism and its first adoption in a widely used model.

Mechanism First published Adopted Dormancy

Multi-query attention 2019 GQA, 2023 4 years
Sparse attention patterns 2019–20 GPT-3 (partial); NSA, 2025 5–6 years
Sliding-window attention Longformer, 2020 Mistral 7B, 2023 3 years
State-space recurrence S4, 2021 Mamba, 2023; hybrids, 2025 2–4 years
Mixture of experts 2017 (form) Mixtral, 2024 7 years
Chain of thought 2022 o1/R1, 2024–25 2 years

In every case the mechanism was evaluated against the constraint that was binding at the time and did not pay off under
it; what changed was the constraint, not the mechanism. The corollary for research is that a negative result for an
efficiency method is a statement about the cost structure at the time of evaluation, not about the method.

Line 4: scaling split into four axes. The single axis of Epoch II, more parameters, split into four that are not
commensurable: larger models (parameter count), balanced allocation (the compute-optimal ratio of parameters to
tokens), smaller models (data quality and deliberate overtraining once serving cost dominates), and longer generation
(test-time compute). The newest axis connects to Line 2: a model that reasons spends its budget entirely in the decode
regime, on a cache that its own chain of thought extends, so the axis that leaves the computational graph unchanged
places its entire cost on the object that every architectural line has been reducing. This concentration of pressures on
one quantity, more than any single design, characterizes the state of the field in 2026.

7.2 The big picture

Table 9 compares the architecture families qualitatively. Its cells are this survey’s assessment, not measured values,
because no two published figures in this literature were obtained under comparable conditions (Section 7.3).

39



The Evolution of Large Language Model Architectures:
From the Transformer to Hybrid Models (2017–2026) PREPRINT · VERSION 1.0

Table 9: The architecture families compared qualitatively. The cells are this survey’s assessment, not sourced numbers.

Family Inference state Exact recall Status 2026 Representatives

Encoder-only n/a (no generation) – retrieval/embeddings
niche

BERT line

Encoder–decoder cache (decoder only) full translation, niche
seq2seq

T5 line

Dense decoder, full
attention

cache, linear in n full quality/simplicity default LLaMA, MiniMax-M2

+ compressed cache
(GQA/MLA)

cache, reduced slope ∼full universal at scale Llama 3, DeepSeek-V3

+ windowed/sparse
attention

bounded or selected
cache

high (learned) growing (long context) Mistral, Gemma, NSA

Linear / SSM (pure) constant bounded by state research; niche
deployments

Mamba, RWKV, RetNet

Hybrid (minority
attention)

cache for minority +
constant

near-full the 2025–26
convergence

Jamba, Qwen3-Next,
Nemotron, Kimi Linear

MoE (orthogonal axis) unchanged unchanged default at frontier Mixtral, DeepSeek-V3,
Kimi K2, gpt-oss

Alternative paradigms none / weights /
recompute

varies demonstrations LLaDA, BitNet, Titans

Figure 1 (Section 1) presents the same content chronologically: one lane each for the attention, recurrence, sparsity,
MoE and scaling lines, with the mechanisms of Table 8 marked at their publication and at their adoption.

7.3 Open problems

The recall limit of fixed states. Whether the recall gap of linear mixers is an engineering problem or a fundamental
limit is open. Theory provides one conditional lower bound: sufficiently sparse attention requires a number of layers
polynomial in the sequence length to reproduce some behaviors that a single full-attention layer performs (Zaheer
et al., 2020), and the delta-rule line shows that better state management narrows the gap without closing it (Section 5.5).
Every hybrid embodies the assumption that the remaining gap is worth exactly a minority of attention layers; whether
that minority can reach zero is not known.

Comparability. Nearly every number in this literature is self-reported under non-matched data, budgets, tokenizer
and evaluation protocols, and the quantities that govern deployment are the least reported. Few model papers state their
per-token inference state, although it is fully determined by the published configuration; decode latency is reported
against baselines on different serving stacks; and negative results, the allocations and operators that were tried and
abandoned, are almost never published. Every convergence claim, including those of this survey, is therefore a claim
about what was published, not about what was learned.

The undocumented frontier. Since GPT-4 (Section 5.1), no closed frontier laboratory has published its architecture.
Everything in this survey after early 2023 describes the open record. Whether the closed frontier follows it, as the
conventional design of gpt-oss suggests (Section 6.5), or diverged years ago cannot be determined from public sources,
and this bounds every statement of the form “the field converged”.

The unsettled operator. The disagreement of 2026 (Section 6.7) is an open experiment in production: full attention,
DeltaNet hybrids, trainable sparsity and sparse-linear fusion are deployed simultaneously by different frontier groups.
The controlled evidence that would decide between them, ratio sweeps above one billion parameters, a factorial
comparison of dense versus routed and full versus fixed-state mixing at matched budgets, and recall measured at long
contexts, does not exist in public.

7.4 Outlook

This section states tendencies that follow from the documented pressures, not forecasts. The pressure that produced every
line of this survey, the economics of decode, is increasing: reasoning models multiply the generated tokens, agentic
workloads multiply the resident contexts, and both costs are paid in inference state. On current evidence the near term
therefore brings more hybridization rather than less. The open question is how the attention minority develops: whether
it shrinks towards zero through better state management, becomes cheaper per layer through MLA-style compression
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or learned sparsity, or, as MiniMax-M2 shows, remains full attention while savings are sought elsewhere. Diffusion
generation is the one alternative that removes the cache entirely; if serving economics ever favor recomputation over
stored state, the central object of the mainline disappears.

Two regularities of the past nine years are the safest to extrapolate. In no year was the operator of 2017 displaced, and
in every year the machinery around it was rebuilt. And methods in this field are not discarded; they are adopted when
their constraint arrives. For evaluating the next architecture, this survey suggests the question it has applied to every
design since Section 2: what does the design do to the state a model must hold per generated token? Over nine years,
that question has separated the durable changes from the incidental ones.

8 Conclusion

This survey posed three questions about the architecture of large language models between 2017 and 2026 (Section 1.1).
The answers, one paragraph each:

RQ1: what was developed, and how does it build on itself? One architecture, the Transformer of 2017, and nine
years of variation around it. The variation concentrates on four sites: the overall form, settled in favor of the causal
decoder by 2020. The peripheral block components, settled into the RoPE, RMSNorm and SwiGLU recipe by 2023
and unchanged since. The parameter-activation axis, dense until the MoE adoption of 2024 and routed at nearly every
frontier scale since. And the sequence-mixing operator with its inference state, the one site of continuous and unfinished
change, from full attention through compressed and windowed caches to selective recurrences and, at present, hybrid
stacks that interleave the two. The building-on is literal: nearly every mechanism of Epochs III and IV revives a method
published between 2017 and 2021 and adopted when its bottleneck arrived.

RQ2: which bottlenecks drove each wave, and at which trade-offs? Each epoch is the response to one binding
constraint. (1) Trainability and transfer drove the exploration of 2018–2019, at the trade-off between bidirectional
quality and generative generality. (2) Capability drove the scaling of 2020–2022, at the cost of training compute,
corrected by the Chinchilla allocation. (3) Inference cost drove 2023–2024, whose characteristic trade is that GQA
and its successors accepted lower quality and additional training-side complexity to reduce decode-time state, and that
linear mixers gave up exact recall for constant state. (4) And the combined pressure of context length and machine
reasoning drove 2025–2026, where the hybrid principle, a small full-attention minority that restores the recall fixed
states lack, is the field’s current answer. No decoupling was free, and the costs, recall gaps, routing infrastructure and
latency-dominating attention minorities, are documented in the primary sources themselves.

RQ3: where has the field converged? On more than is usually noted and less than is usually claimed. Converged:
the decoder-only form, the modern block recipe, routed feed-forward layers at scale, the hybrid principle together with
its stated reason, recall. And, across all groups, the identification of per-token inference state as the decisive quantity.
Not converged: the hybrid allocation parameter, which is stated in incompatible units or not at all, and, as of 2026, the
attention operator itself, with major groups simultaneously deploying full attention, DeltaNet hybrids, trainable sparsity
and sparse-linear fusion. This survey reads the disagreement as the signature of a design space that quality alone does
not determine at current scales, in which deployment economics rather than expressiveness selects each group’s design.

Two limits are part of the answer. (1) The account describes the documented, that is, the open record, because no closed
frontier laboratory has published an architecture since early 2023. (2) Its comparisons are qualitative by necessity,
because the published figures of this field are self-reported under conditions that, at most, no two papers share. Within
these limits the nine-year development supports one summary. The Transformer remained, everything around it was
rebuilt, and the axis of that rebuilding, from the uncacheable encoder of 2018 to the token budgets of the reasoning
models of 2026, is the memory a model must hold for each token it generates.

Use of AI Tools

AI tools were used for the following two purposes in the preparation of this paper. (1) In the research, they assisted
in finding and working through the literature. (2) In the writing, they assisted with the language: help with English,
correcting spelling errors and improving sentence structure. I reviewed all AI-assisted output and take full responsibility
for the content of this survey.
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