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An independent research report from Iacoletti Software. The first measurements show AI 

accelerating its own development. This report sets out that evidence, documents the 

architecture and training behind it from 2021 to 2026, and forecasts two timeframes: 

2026–2031 and 2031–2041.

Compares Anthropic, SpaceXAI, Google, Meta, and Microsoft. Bibliography restricted to 2025 and 2026 

sources. 2021–2024 is historical baseline. The 2017 objects named in Section 2 (feed-forward language 

models, RNNs, LSTMs, GRUs, encoder-decoder, attention, the original transformer) are the standard 

objects of graduate NLP textbooks. This report uses them only as a map of the baseline. Claims are 

tagged PUBLISHED, DISCLOSED, UNKNOWN, or FORECAST.
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Abstract

Thesis. This report argues one claim: AI has begun to measurably accelerate AI development. The first 

quantitative  estimates  of  that  acceleration  now  exist,  from  an  independent  evaluator  and  from  a 

laboratory’s own capability index, and the release cycle of frontier models has compressed sharply. The  

section  titled  "The  case"  sets  out  the  evidence  and  its  limits.  The  rest  of  the  report  explains  the  

architecture and training behind the acceleration, forecasts it through 2041, and shows what a team must  

do to capture it.

Iacoletti Software builds and sells Windows desktop and browser video products that call Grok Imagine, 

Gemini,  and Claude APIs.  From 2021 to 2026 the models  those products  depend on stayed on one 

chassis: a decoder-only transformer with a residual stream. Almost everything that changed was around 

that chassis. Context windows grew from about two thousand tokens to one million. Dense feed-forward 

layers gave way, where published, to mixture-of-experts layers that activate a slice of weights per token.  

Grouped and compressed attention cut the key-value cache. Instruction tuning and reinforcement learning 

became the product loop. A second compute axis appeared: thinking tokens bought at inference. Memory 

did not move into the weights. It moved into files, caches, compaction jobs, and encrypted blobs. Closed 

flagships on 24 September 2026, Claude Opus 5.5 and Grok 4.7, still sit on unpublished nets wrapped in 

those product loops.

This report starts with that documented five-year arc. It then forecasts two timeframes. Timeframe 1 is  

2026 to 2031: serving-loop architecture, typed memory outside the residual stream, compressed attention 

as the default kernel, four-bit experts, and test-time compute spent on verifiers. Timeframe 2 is 2031 to 

2041, split into 2031–2036 and 2036–2041: inspectable test-time memory if Titans and Hope scale, ten-

million-token quality context, continual personalization with revert, then a possible hybrid memory-plus-

attention chassis. Every sentence after September 2026 is FORECAST unless a 2025–2026 source already 

exists. A larger hidden size without those gates will not retire the failure classes already visible on Opus 

5.5 and Grok 4.7.

Closed products in production this week (Claude Opus 5.5, Grok 4.7, Gemini 3.x) sit on unpublished 

networks wrapped in published systems: 500,000 to 1,000,000 token windows, effort sliders, compaction, 

memory tools, and encrypted thought blobs. This report treats those product loops as architecture. It does 

not invent a layer table for a net the laboratory has not published.

Keywords: AI acceleration, LLM architecture, LLM training, mixture of experts, attention, context 
window, adaptive reasoning, forecast 2026-2041, Iacoletti Software
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The case: AI begins to measurably accelerate AI development

Thesis. By September 2026, AI systems had begun to speed up the development of AI itself, and for the 

first time that speed-up can be measured rather than only asserted. The acceleration is real, it is now 

quantified by independent evaluators and by the laboratories' own instruments, and it is still early: faster  

than before, not yet explosive. The rest of this report explains the machinery behind it  (architecture, 

Sections 2 to 10 and 16; training, Section 21), where it is heading (Sections 11, 17, 18, 20.13, 21.6), what  

still limits it in practice (Section 14), and what a team should do to capture it (Section 25).

What  "measurably  accelerate"  means  here. Acceleration  means  that  the  rate  of  capability 

improvement  per  unit  of  calendar  time rises  because AI systems are  doing part  of  the research and 

engineering that produces the next model. "Measurably" means at least one quantitative estimate from a  

named evaluator or a laboratory's own published instrument, not only anecdotes. Both conditions are met  

by the evidence below.

Evidence 1. An independent quantitative estimate. METR, testing Claude Opus 5.5 before release, 

reported a preliminary estimate of about 1.5 times overall acceleration in AI capabilities due to AI, "1.5  

years in 1 year," with perhaps a 30% chance of 2 times (PUBLISHED, quoted in Anthropic 2026e, 

Section 2.3.6). METR concluded that the model's development "was at least somewhat accelerated by AI" 

and that the model "is still likely to noticeably accelerate researchers and automate limited aspects of 

R&D"  (same  source).  This  is  the  first  time  an  external  evaluator  has  put  a  number  on  AI-driven 

acceleration of a frontier laboratory.

Evidence 2. The laboratory's own capability index bends upward. Anthropic tracks its models on an 

internal capability index fitted across 374 benchmarks. Through Claude Opus 4.6 the historical trend rose 

about 14.75 points a year. At Mythos Preview the curve jumped by about 5.9 points above that trend, and  

every  later  frontier  model  has  stayed  above  the  old  line;  Opus  5.5  sits  about  6.5  points  above  it  

(PUBLISHED,  Anthropic  2026e,  Section  2.3.5).  Anthropic's  alternative  fit,  a  change  of  slope  in 

September 2025, gives 14.4 rising to 22.2 points a year, about 1.53 times faster (same source). Either 

reading means the frontier moved faster than its own history predicted.

Evidence 3. Models now do real AI research and engineering work. Anthropic assesses Opus 5.5's AI 

R&D  capabilities  as  at  or  slightly  above  its  previous  frontier  and  says  it  "provides  meaningful 

acceleration to AI R&D efforts in many circumstances" (PUBLISHED, Anthropic 2026e, Sections 2.1.2.2 

and 2.3.7). On CoBench, which asks a model to diagnose real problems Anthropic engineers solved, Opus 
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5.5 solves 55.8% of 500 problems (PUBLISHED, Anthropic 2026e, Section 2.3.4.1). Google leadership 

has spoken of models writing parts of the next Gemini by about 2027 (DISCLOSED, Section 9.3).

Evidence 4. The laboratories restrict AI help with building AI. Anthropic now deploys safeguards on 

Opus 5.5 for a narrow set of capabilities related to developing frontier LLMs, such as kernel development 

on certain accelerators,  citing the risk of accelerating the overall  pace of model development and of  

recursive self-improvement (PUBLISHED, Anthropic 2026e, Section 1.5). A laboratory does not build 

classifiers against a capability it considers insignificant. The restriction is itself evidence that model help 

with AI development is material.

Evidence 5. The engineering work that AI development consists of is being done at scale by AI. 

Early testers report Opus 5.5 completing a 680,000-line code migration in under a day, auditing and 

fixing  a  200,000-line  codebase  in  under  three  hours  where  the  previous  model  took  over  20,  and  

translating  a  large  C  codebase  to  Rust  in  9.5  hours  (DISCLOSED,  Anthropic  2026b).  Laboratory 

infrastructure is software; the same capability applies to it.

Evidence 6. The release cycle compressed. Counting new top-tier Claude models (Opus, Fable, and 

Mythos classes) from Anthropic's model lifecycle page: one in 2024 (Claude 3 Opus); three in 2025 

(Opus 4, 4.1, 4.5); seven in the first nine months of 2026 (Opus 4.6, 4.7, 4.8, Fable and Mythos 5, Opus 5,  

Fable and Mythos 5.1, Opus 5.5) (PUBLISHED dates in model IDs and launch pages; several 2026 dates 

inferred  from the  one-year  retirement  floors,  Section  20.2).  Each  of  those  releases  also  moved  the 

capability index upward (Evidence 2).

Evidence Measure Result Label
1. External estimate AI-attributable acceleration of 

capabilities
About 1.5 times; about 30% 
chance of 2 times

PUBLISHED (METR, via 
Anthropic 2026e)

2. Capability index Points per year versus 
historical trend

14.75 per year trend; +5.9 
jump; slope fit 1.53 times

PUBLISHED (Anthropic 
2026e)

3. AI R&D work Real internal problems solved 55.8% of 500 PUBLISHED (Anthropic 
2026e)

4. Restrictions Safeguards on frontier-LLM 
development help

Deployed on Opus 5.5 PUBLISHED (Anthropic 
2026e)

5. Engineering scale Large migrations and audits Days of team work in hours DISCLOSED (Anthropic 
2026b)

6. Release cadence New top-tier Claude models 
per year

1 (2024), 3 (2025), 7 (Jan to 
Sep 2026)

PUBLISHED and inferred 
(Section 20.2)
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Figure 9. Progress under compounding acceleration. Each point on the surface shows how many years of baseline  

research progress are delivered after a given number of calendar years, if the acceleration factor starts at the 2026  

estimate of a₀ = 1.5 (METR, PUBLISHED via Anthropic 2026e) and itself grows at rate k. Along the front edge, k =  

0, progress is a straight line of slope 1.5. Any positive k bends the surface upward. The equation is Δ(t) = (a₀/k)

(exp(kt) − 1), derived in Section 23.13. Values of k are FORECAST scenarios, not measurements.Δ(t) = (a  / k) · (exp(kt) − 1),   a  ≈ 1.5₀ ₀

Reading Figure 9 with the text, the mathematics, and the code. The text's thesis is that AI has begun 

to accelerate AI development at a measured factor near 1.5. The equation turns that factor into delivered 

progress over time, and the figure shows it:  the front edge is steady acceleration, and every positive 
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growth rate bends the surface upward. Evidence 1 and Evidence 2 supply a₀; Section 22 supplies the 

scenarios for k; Code example 13 evaluates the equation for those scenarios.

How strong is the case, and where are its limits. A report that proves a point must also state what the 

evidence does not show, because any reviewer will find it. METR calls its estimate preliminary and does  

not say what period it covers. Anthropic states that its internal measures "do not show a sustained AI-

attributable 2× acceleration," that its models are not close to substituting for its research staff, and that the 

one-time-jump reading of its  index fits  the data better than a lasting change of slope (PUBLISHED, 

Anthropic  2026e,  Sections  2.3.2  and  2.3.5).  Release  cadence  also  reflects  competition  and  business 

decisions, not only AI assistance. These limits do not undercut the thesis; they define it. The claim is that  

acceleration has begun and is measurable, at roughly 1.5 times by the only external estimate, not that it 

has become dramatic. The title says "begins," and the evidence supports exactly that.

What would confirm the thesis further, or overturn it. Confirmation: a laboratory reports a sustained 

AI-attributable 2 times acceleration; the capability index shows a lasting slope change rather than a one-

time  jump;  a  model  crosses  Anthropic's  85%  CoBench  threshold  for  substituting  for  research  staff  

(Section 21.6, Training change 7). Overturn: the next external estimates fall back toward 1 times, or two 

consecutive flagship generations fail to move the capability index.

How the rest of the report supports the thesis. Architecture (Sections 2 to 10 and 16) describes the 

machinery  that  AI  systems  are  now helping  to  build  and  optimize.  Training  (Section  21)  is  where  

acceleration enters most directly: models generate synthetic data and training environments, write kernels, 

and diagnose infrastructure problems. The failure classes in Section 14 are the bottleneck: they show why 

acceleration inside the laboratories does not yet reach every team at full speed. The recommendations in 

Section 25 are how a team captures the acceleration instead of losing it to rework.

Executive summary: purpose, what we learned, where to focus

Purpose. This report makes and tests one claim: AI has begun to measurably accelerate AI development. 

The evidence is set out in "The case," immediately before this summary. The report then asks what the 

acceleration means in  practice:  which architectural  and training changes drive it,  how it  will  evolve 

through 2041, with a pass test and a falsifier for each forecast, and why a development incident log with  

eleven repeated failure patterns (Section 14) shows that teams capture only part of it unless they change  

how they work.

What we learned. Eight findings carry the report. Each points to the sections that hold the evidence.
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The  central  finding  is  the  title. An  independent  evaluator  estimates  about  1.5  times  AI-driven 

acceleration of capabilities; the laboratory’s own capability index jumped above its historical trend; and 

new top-tier Claude releases went from one in 2024 to three in 2025 to seven in the first nine months of  

2026 ("The case"). The findings below explain what drives the acceleration and what limits its benefit in  

practice.

1.  The  chassis  did  not  change.  Every  major  2026  model  still  generates  text  with  a  decoder-only 

transformer and a residual stream, the same core object as 2017 (Sections 2, 3, 16). What changed is 

everything around it.

2. The real architectural movement is in five places: sparse experts that activate a slice of the weights per  

token, compressed attention that makes long inputs cheaper, thinking tokens bought at inference time, 

memory that lives in files and summaries instead of the weights, and safety classifiers that sit beside the 

model (Sections 4 to 8, 16.6, 20.13).

3. The closed flagships are black boxes at the block level. Anthropic, SpaceXAI, and Google do not 

publish layer counts, expert counts, or precision for their current flagships. Open reports (DeepSeek-V4, 

Llama 4, Gemma 4, Kimi K3) are the only places those numbers can be checked (Sections 9, 10, 13, 19.6, 

20.1).

4.  Scale  and  context  are  the  engine  of  capability,  and  they  keep  paying  off.  Larger  bases,  longer  

reinforcement  learning,  and  bigger  windows  drove  most  of  the  capability  gain  from 2021  to  2026. 

Windows grew from about two thousand tokens to one million, and each flagship generation beat the last 

on coding and long tasks (Sections 16, 19.2, 20.3, 25.5). What scale does not do by itself is fix workflow 

failures: a one million token window and always-on reasoning were already shipping when the incident 

log recorded all eleven patterns. Scale raises what the model can do; required memory, permissions, and 

checks decide whether it does it reliably (Sections 14.2, 14.3).

5. Most failures are serving and workflow problems, not model problems. Forgetting earlier fixes, editing 

protected files, fixing one copy of a bug and not the other, and swallowing errors on paid API calls are all 

failures of the loop around the model: memory that is optional, permissions that fail open, checks that are 

not required (Sections 14.1, 14.4, 20.10).

6. The fixes mostly exist already, as optional features. Memory files, compaction, hooks, deny rules, 

subagents, and classifiers all shipped by 2026 (Sections 19, 20). They were not in use in the sessions 

where the failures happened. The gap is adoption and enforcement, not invention.

Iacoletti Software research report. Claims tagged PUBLISHED / DISCLOSED / FOUNDER / UNKNOWN / FORECAST.
8



Iacoletti Software  |  AI Is Accelerating Its Own Development

7. Vendors are moving required steps out of the request and into the harness. Anthropic removed forced  

tool use from its current flagship API (Section 20.3). A rule such as "read the logs before naming a cause" 

therefore has to be enforced by hooks, agent loops, and checks the developer controls.

8. The long-range bets are real but unproven. Learned memory modules that update while you work, 

reliable quality at ten million tokens, and a hybrid chassis are the 2031–2041 story. None is a product fact  

today, and none should be waited for (Sections 11, 18).

9. Training is where capability and habits are made. Every skill and every habit a model has comes from 

the  same process:  billions  of  parameters  nudged  by  tiny  steps  toward  lower  loss  or  higher  reward. 

Pretraining builds capability; reinforcement learning builds habits, including the unverified claims and 

partial  checks  behind  several  failure  classes.  Training  is  now  shifting  toward  longer  agentic  tasks,  

synthetic data, AI-assisted research, and, eventually, learning during use (Section 21).

Where to focus attention and resources. The ranking below is ordered by expected reduction in rework 

per unit of effort. The first five items need no new model and can be done now.

Scale first. Scale and context are the foundation under every item in this table. The stronger the model 

and the larger its window, the more each control below can find, check, and prevent. The table ranks what 

to add on top of the strongest model the work can use.

Rank Where to focus What it prevents Why this rank Section
1 Decision memory that 

loads every session: 
rules, decisions, and 
past fixes in files the 
agent reads first

Forgotten fixes, 
misread definitions, 
ignored preferences (A, 
J, K)

The most frequent 
failure class; cheap to 
fix

14.4 P1; 20.11

2 Fail-closed protection 
for protected files and 
paid paths: permission 
deny rules plus 
blocking hooks

Unasked changes and 
costly silent runs (D, I)

Highest cost per 
incident

14.4 P3, P6; 20.8

3 Required regression 
checks that can block a 
finish, covering every 
edition and the docs

Lost fixes in rebuilds, 
incomplete 
replacements (B, F)

Turns silent regressions 
into visible errors

14.4 P4, P5

4 Evidence before claims, 
enforced by the 
harness: logs and 
source read before a 
diagnosis

Guessing causes, bad 
log analysis, fake key 
checks (C, G, H)

Cannot be requested 
from the API any more, 
so it must be built

14.4 P2; 20.3

5 Paid-path discipline in 
application code: no 
empty catch, preflight 
calls, check refusals and 
error fields

Silent failures that 
waste paid calls (I)

Pure code hygiene; no 
vendor dependency

14.4 P6; 20.11

6 Canon files and a 
second model that 
checks claims against 
files, never rewrites the 
app

Invented copy, names, 
and limits (E)

Useful after 1 to 5 are 
in place

14.4 P7, P8

7 Watch, do not fund: Future reduction across Promising, not yet 11, 18, 19
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compressed attention, 
learned memory 
modules, classifier-
based quality gates

all classes product facts

 

Scale and context: how to spend on them. Scale is where capability comes from, so buy it deliberately. 

Pay for the strongest model and the largest window on the work that needs them: whole-repository audits 

and migrations, long logs, multi-file changes. Buy measured capability, not announced parameter counts: 

closed-model counts are unverified, while prices, windows, and evaluation results are published. Pair  

every large window with a required search, because a window only becomes memory when something 

must read it. Section 25.5 gives the detail.

How to read the rest. Readers who need only the argument can read this summary, Section 14, Section 

20.10, Section 20.13, Section 21, and Section 25. Sections 2 to 10 and 16 are the architectural record.  

Sections 11, 15, 17, and 18 are the forecasts. Sections 19 and 20 collect the vendor facts for SpaceXAI 

and Anthropic. Section 21 explains how training works, from single parameters up to product behavior,  

and how it will evolve. Section 25 restates the conclusions and recommendations in full detail.

Section 22. Section 22 forecasts the acceleration itself: the indicators, three scenarios, what each does to 

this report’s forecast dates, and dated tests. It ends with the formal announcement of the finding.

How to read this report

Every architectural claim is tagged. PUBLISHED means a paper, technical report, model card, or released 

configuration from the laboratory dated 2025 or 2026. DISCLOSED means the laboratory stated the fact 

at product level without internals. FOUNDER means a founder social post not repeated in a model card. 

UNKNOWN means the number or block is not in a primary source. FORECAST means a 2027–2036 

target or a named future SKU without a layer table. Never mix FORECAST with PUBLISHED. Pre-2025 

papers are treated as historical baseline and are omitted from the working bibliography.

Figure 0 is the four-era timeline. Figures 1 through 8 are original diagrams of the design choices that  

shipped  by  2026  and  of  the  bets  that  would  have  to  ship  later.  Section  14  uses  the  author's  own 

development incident log as the problem statement the two forecast timeframes should close. The thesis,  

that AI has begun to measurably accelerate AI development, is proved in “The case” and forecast in  

Section 22; each chapter opens with a note on how it bears on that thesis.

1. Purpose and how this report is organized
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Why this section matters to the thesis. The report's central question is whether AI is accelerating its 

own development, and what that changes. The four questions in this section are the route to the answer:  

the documented arc is the baseline against which acceleration is measured, the forecasts say what faster 

development will produce, and the pass tests make the claim checkable.

This report proves one claim and forecasts its consequences. The claim, stated in the title, is that AI has 

begun to measurably accelerate the development of AI. To establish the claim and show what it means,  

the report answers five questions. First, is the acceleration real and measurable? “The case” and Section 

22 answer with six lines of evidence, their limits, three scenarios, and dated tests. Second, how did LLM 

architecture  actually  evolve  from 2021 to  24 September  2026? That  documented arc  is  the  baseline 

against which acceleration is measured (Sections 2 to 10 and 16). Third, how does training work, from a  

single parameter up to product behavior, and where is AI now speeding it up (Section 21)? Fourth, how 

will architecture and training evolve in two forecast timeframes, 2026–2031 and 2031–2041, and how do 

those dates move if the acceleration continues (Sections 11, 17, 18, 20.13, 21.6, and 22)? Fifth, which 

research bets are most promising, ranked by published evidence and by whether they would retire real 

product failures, and what should be working by 2031 and by 2041, written as pass or fail tests (Sections 

14, 15, and 25)?

The 2017 baseline is a decoder stack with self-attention, a feed-forward network, and a residual stream, 

plus the older recurrent objects that stored the past in a small hidden vector with forget, input, and output  

gates. Those objects are shared background. This report uses them only as a map of what 2021–2026 

products already left.

Three separations keep the rest of the report honest. Chassis versus product: the chassis is the residual  

decoder stack; the product is the window, the effort slider, the compaction job, the classifier, the tool  

loop, and the price. Total parameters versus active parameters: a 1.6 trillion parameter mixture-of-experts  

model that fires 49 billion weights per token is not 33 times a 49 billion dense model in decode cost.  

Window versus  kernel:  a  one  million  token  context  window is  a  product  claim;  compressed  sparse 

attention is a kernel claim. Claude already ships a one million token window and still  presents fixed 

issues as new when the session does not retrieve last week. That is why this report will not treat a bigger  

window as the 2036 goal.

2. The 2017 baseline the 2026 stack already left
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Why this section matters to the thesis. Measuring acceleration needs a fixed starting point. The 2017 

transformer is that reference; every change described in this report is measured from it, and the pace at  

which the stack moved away from it is the subject of the thesis.

2.1 Memory as a small vector

An RNN stores the past in a hidden state that is overwritten at every step. An LSTM, as taught in the 

2017 baseline, adds a cell and three gates. The forget gate multiplies old cell contents by a sigmoid in the  

unit interval. The input gate writes a candidate. The output gate reads the cell into the hidden state. A 

GRU collapses this to an update gate and a reset gate. Memory is a fixed-width vector carried through 

time. Compute per new token is constant. The price is a bottleneck: many tokens must be compressed into 

one vector. Vanishing and exploding gradients are the training form of that bottleneck. Those facts are 

textbook objects. They still explain why a 2026 product cannot keep a year of chat in a single hidden  

vector.

The lesson that survives is gating as a general idea. Softmax or sigmoid over a small set of scores, then a  

weighted combination.  In the LSTM the axis  is  time.  In a 2026 block the same algebra appears on 

features  (gated linear  units),  on modules  (mixture-of-experts  routers),  and on decode (effort  sliders). 

Section 4 draws those four axes as one figure.

2.2 The encoder-decoder bottleneck, then attention

Classic sequence-to-sequence models encode the source into one vector and decode from it. That vector is  

the same kind of bottleneck as the recurrent hidden state, now over a whole sentence. Additive attention,  

as  taught  in  the  2017  baseline  after  Bahdanau,  Cho,  and  Bengio,  replaced  the  single  vector  with  a 

weighted sum of encoder states. Global and local variants followed. Softmax attention is a gate over time.  

It decides which past positions to read. It does not store a new kind of state. It addresses an existing tape 

of hidden vectors.

This is still the right story for retrieval-augmented generation and for many multimodal add-ons. A corpus 

or a vision encoder writes a tape. A language decoder reads it. The 2026 chat flagship does not use that 

pair as its text core. It uses one causal stack. Section 3 is the full contrast.

2.3 The 2017 transformer as the starting object

The 2017 transformer, as taught in the 2017 baseline, removed recurrence. Position is added as a vector.  

Each layer runs multi-head self-attention and a position-wise feed-forward network, wrapped in residual  

connections and layer normalization. Training can see the whole sequence at once. Inference still walks  
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left to right. The new memory is the key-value cache: every layer stores keys and values for every past 

token. Attention cost is quadratic in sequence length. All parameters run on every token.

The original transformer is an encoder-decoder. The encoder is bidirectional. The decoder is causal and 

adds cross-attention into the encoder tape. Masked language models use bidirectional self-attention and a 

mask objective. They are still transformers. Production assistants after 2022 are almost all decoder-only 

next-token  models.  Retrieval-augmented  generation  and  agents  move  some  memory  and  some 

computation outside the network: a retriever, a tool, a loop. That last move is now a first-class product  

surface at every laboratory in Section 9.

3. Decoder-only versus encoder-decoder

Why this section matters to the thesis. Because the core chassis stayed constant, capability gains came 

from components that can be engineered and tested: experts, attention kernels, training methods, and test-

time compute. That is exactly the kind of engineering work AI systems now help perform (The case, 

Evidences 3 and 5).

Decoder-only  is  the  chassis  almost  every  2026 chat  model  uses.  Encoder-decoder  is  what  the  2017 

baseline teaches first. They share layers. They do not share who is allowed to look where.

Encoder-decoder uses two stacks. The encoder reads the whole source with bidirectional self-attention 

and writes a memory tape. The decoder writes the target left to right, with masked self-attention over  

tokens already generated and cross-attention into the encoder tape.  Decoder-only uses one stack.  No 

encoder. No cross-attention. The prompt and the answer live in the same sequence. Token t attends only  

to positions 1 through t.  The prompt is  the source.  After prefill,  every new answer token reuses the 

prompt stored keys and values.

Attention masks  make the  difference concrete.  Encoder  self-attention allows every pair  of  positions. 

Decoder-only self-attention allows only earlier  or  equal  positions.  Cross-attention takes queries  from 

decoder position t  and keys and values from every encoder position.  A chat session is continue this  

transcript, not translate sentence A into sentence B. Decoder-only treats system text, retrieved documents, 

user turns, tool results, and the draft answer as one growing string. The cost is that the model cannot take 

a bidirectional look at the prompt during an encoding pass. Bidirectional models still win as embedders. 

They are not the generator.
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Figure  1.  Encoder-decoder  versus  decoder-only.  The  left  column  is  the  2017  encoder-decoder  object:  a 

bidirectional encoder writes a memory tape, then a causal decoder reads that tape with cross-attention. The right 

column is the 2026 chat chassis: one causal stack, a residual stream, and a key-value cache. There is no encoder 

and no cross-attention inside the language core. Claude Opus 5.5, Grok 4.7, Gemini 3.x text generation, Llama 4  

instruct, Gemma 4, DeepSeek-V4, Kimi K3, and MAI-Thinking-1 all generate this way. Vision or audio may still  

arrive through an encoder bolted on. Gemma 4 12B Unified is the published exception that projects raw patches and 

waveforms into the same decoder (Gemma Team 2026). Reading check: if a reader can redraw both columns from  

memory, the rest of the report is a set of decorations on the right-hand stack.Attention(Q, K, V) = softmax( Q K  / √d_k + M ) V,   M_ij = −∞ for j > iᵀ

Reading Figure 1 with the text, the mathematics, and the code. The text says the 2026 chat chassis is 

one causal stack with no encoder and no cross-attention. The mask M in this equation is what makes it  

causal: every future position gets a score of minus infinity, so its softmax weight is zero. In the figure,  

that  is  the right-hand column, where each token reads only earlier tokens from its own cache. Code 

example 1 builds M with np.triu and applies it before the softmax; Code example 2 stacks the resulting 

decoder blocks (Section 23.2).

Encoder-decoder did not vanish. It changed jobs. Machine translation and T5-style sequence-to-sequence 

checkpoints still use two stacks. Many multimodal add-ons use a vision or audio encoder that writes a  
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tape for a language decoder. Retrieval-augmented generation is encoder-decoder in spirit: the corpus is  

the encoder, the language model is the decoder. Some DeepSeek-V4.1 writeups split a stack into a causal 

encoder and a causal decoder so later layers reuse earlier keys and values. Both halves are still causal.  

That is cache reuse, not the classic translation model.

The practical serving split also maps onto the right-hand column. Prefill encodes the prompt in parallel  

and writes the cache. Decode walks one token at a time and reads the cache. Encoder-decoder had a 

similar split (encode once, decode many times). Decoder-only folded both into one net. Cost surprises in 

production usually come from prefill of a long prompt or from thinking tokens that are decode, not from a 

second encoder that no longer exists.

Code examples for Section 3

The examples below are Python 3 with NumPy. Each one runs as printed and was tested for this report;  

the expected output is shown in the final comment or printed line. They are illustrative implementations  

of the components described in this section, written for clarity rather than speed.

Code example 1. Scaled dot-product causal attention and multi-head attention.

import numpy as np
 
def softmax(x, axis=-1):
    x = x - x.max(axis=axis, keepdims=True)          # numerical stability
    e = np.exp(x)
    return e / e.sum(axis=axis, keepdims=True)
 
def causal_attention(Q, K, V):
    """Q, K, V: (T, d_k). Returns (T, d_k)."""
    T, d_k = Q.shape
    scores = Q @ K.T / np.sqrt(d_k)                   # (T, T) similarity
    mask = np.triu(np.ones((T, T), dtype=bool), 1)    # True above diagonal
    scores = np.where(mask, -np.inf, scores)          # no looking ahead
    return softmax(scores) @ V                        # weighted mix of values
 
def multi_head(x, Wq, Wk, Wv, Wo, n_heads):
    """x: (T, d). W*: (d, d). Splits d into n_heads heads."""
    T, d = x.shape; h = d // n_heads
    q, k, v = x @ Wq, x @ Wk, x @ Wv
    heads = [causal_attention(q[:, i*h:(i+1)*h], k[:, i*h:(i+1)*h],
                              v[:, i*h:(i+1)*h]) for i in range(n_heads)]
    return np.concatenate(heads, axis=1) @ Wo
 
rng = np.random.default_rng(0)
T, d = 6, 16
x = rng.normal(size=(T, d))
W = [rng.normal(size=(d, d)) / np.sqrt(d) for _ in range(4)]
y = multi_head(x, *W, n_heads=4)
print(y.shape)                                        # (6, 16)
 
# Output when run:
# (6, 16)

The causal mask sets every future position to minus infinity before the softmax, which is what makes the 

model decoder-only (Section 23.2).
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Code example 2.  A pre-norm decoder block: RMSNorm, attention,  SwiGLU, and two residual 

additions.

import numpy as np
from c01_attention import multi_head   # Code example 1
 
def rms_norm(h, g, eps=1e-6):
    return g * h / np.sqrt((h ** 2).mean(axis=-1, keepdims=True) + eps)
 
def silu(u):
    return u / (1 + np.exp(-u))
 
def swiglu_ffn(x, W_gate, W_up, W_down):
    return (silu(x @ W_gate) * (x @ W_up)) @ W_down  # gated feed-forward
 
def decoder_block(h, p, n_heads):
    """One pre-norm decoder layer: two residual additions."""
    h = h + multi_head(rms_norm(h, p["g1"]), p["Wq"], p["Wk"], p["Wv"], p["Wo"], n_heads)
    h = h + swiglu_ffn(rms_norm(h, p["g2"]), p["Wg"], p["Wu"], p["Wd"])
    return h
 
rng = np.random.default_rng(1)
T, d, d_ff = 6, 16, 64
p = {k: rng.normal(size=(d, d)) / np.sqrt(d) for k in ["Wq", "Wk", "Wv", "Wo"]}
p.update(Wg=rng.normal(size=(d, d_ff)) / np.sqrt(d), Wu=rng.normal(size=(d, d_ff)) / np.sqrt(d),
         Wd=rng.normal(size=(d_ff, d)) / np.sqrt(d_ff), g1=np.ones(d), g2=np.ones(d))
h = rng.normal(size=(T, d))
for layer in range(4):                                 # a stack of 4 layers, same weights for brevity
    h = decoder_block(h, p, n_heads=4)
print(h.shape)                                         # (6, 16)
 
# Output when run:
# (6, 16)

This is the chassis of Section 3 in about twenty lines. A real model stacks tens of these layers with 

separate weights.

4. Four axes of gating

Why this section matters to the thesis. Every new gate is a tunable lever: which experts fire, how many 

thought  tokens  to  spend,  what  compaction  keeps.  The  more  levers  a  design  has,  the  more  room 

automated, AI-assisted experimentation has to search.

The mathematics. The equations for the gated feed-forward unit and the mixture-of-experts router are in 

Sections 23.2 and 23.4.

the 2017 baseline already has the math. Softmax or sigmoid over a small set of scores, then a weighted  

combination. Only the axis changed. Time is the 2017 axis. Features, modules, and decode are the 2025–

2026 axes.
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Figure 2. Four axes of gating. Panel A is the 2017 LSTM: forget, input, and output gates over a cell that lives across 

time. Panel B is a gated linear unit inside one layer: a sigmoid or SiLU gate multiplies a linear projection, so the  

layer can shut off features. Panel C is mixture of experts: a router picks k of N feed-forward experts plus an optional  

shared expert that always runs. Panel D is adaptive reasoning: an effort slider buys extra thought tokens before the  

visible answer. Closed laboratories hide Panel C counts and publish Panel D sliders. Open reports (DeepSeek-V4,  

Llama 4, Gemma 4, Kimi K3, MAI-Thinking-1) publish Panel C.LSTM:  f_t = σ( W_f [x_t, h_{t−1}] )GLU:  FFN(x) = W_down ( SiLU(W_gate x) ⊙ W_up x )MoE:  y = Σ_{i ∈ TopK} g_i(x) · Expert_i(x)Effort:  answer cost = prompt + thought tokens + answer tokens
Reading Figure 2 with the text, the mathematics, and the code. The text calls gating the common 

thread from 2017 to 2026. The four equations are the four panels of the figure: a sigmoid forget gate  

across time (Panel A), a feature-wise gate inside one layer (Panel B), a router that gates whole experts  

(Panel  C),  and a  budget  that  gates  how many thought  tokens are  spent  (Panel  D).  Code example 3 

implements Panels A and B side by side, Code example 4 implements Panel C, and Code example 8 

implements the budget of Panel D.
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The residual stream of a decoder-only transformer is the closest living relative of the LSTM cell state. 

Both are highways that  carry information past  a  block that  might  destroy it.  The LSTM highway is  

narrow and gated in time. The residual highway is wide and additive in depth. Manifold-constrained 

hyper-connections in DeepSeek-V4 expand that highway by a factor of four (DeepSeek-AI 2026a). That 

is a 2026 upgrade to the residual, not a return to a cell.

Gated linear units are now the default feed-forward nonlinearity in the open reports this report can assign.  

They are the LSTM output gate applied to features inside one layer. Mixture-of-experts routers are the 

same idea applied to modules. Effort sliders are the same idea applied to how long the model is allowed to 

talk to itself. Readers who already know the gates should study this figure and stop saying that gating  

disappeared when recurrence disappeared.

Code examples for Section 4

The examples below are Python 3 with NumPy. Each one runs as printed and was tested for this report;  

the expected output is shown in the final comment or printed line. They are illustrative implementations  

of the components described in this section, written for clarity rather than speed.

Code example 3. Gating then and now: the SwiGLU feed-forward gate and the 2017 LSTM gates.

import numpy as np
 
def sigmoid(u): return 1 / (1 + np.exp(-u))
def silu(u):    return u * sigmoid(u)
 
def swiglu_ffn(x, W_gate, W_up, W_down):
    """Gated linear unit: the gate decides, feature by feature, how much passes."""
    gate = silu(x @ W_gate)             # values near 0 shut a feature off
    return (gate * (x @ W_up)) @ W_down
 
def lstm_gates(x, h, W):                 # the 2017-era gates, for comparison
    z = np.concatenate([x, h]) @ W       # W: (d_x + d_h, 4 * d_h)
    f, i, o, c = np.split(z, 4)
    return sigmoid(f), sigmoid(i), sigmoid(o), np.tanh(c)
 
rng = np.random.default_rng(7)
x = rng.normal(size=(4, 8))
y = swiglu_ffn(x, rng.normal(size=(8, 32)), rng.normal(size=(8, 32)), rng.normal(size=(32, 8)))
f, i, o, c = lstm_gates(rng.normal(size=8), np.zeros(8), rng.normal(size=(16, 32)))
print(y.shape, f.shape)                  # (4, 8) (8,)
 
# Output when run:
# (4, 8) (8,)

Both use a sigmoid to decide how much signal passes; the 2026 gate acts per feature inside one layer, the  

LSTM gates act across time.

5. Mixture of experts
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Why this section matters to the thesis. Sparse experts cut the cost of each token, so more experiments 

fit  in  the  same  compute  budget.  Cheaper  experiments  are  one  mechanism  by  which  AI  assistance 

compounds: more trials per week, more of them designed and run by models.

The  mathematics. Router  equations,  the  load-balancing  loss,  and  the  active-fraction  arithmetic  for 

DeepSeek-V4-Pro and Llama 4 Maverick are in Section 23.4.

Figure 10. Total size versus per-token cost in a mixture-of-experts model. The surface is N_active = f · N_total on 

logarithmic axes. Red points mark two PUBLISHED open models: DeepSeek-V4-Pro (1.6 trillion total, 49 billion 

active, f ≈ 3.1%) and Llama 4 Maverick (400 billion total, 17 billion active, f ≈ 4.3%). Moving across the surface  
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toward larger total size at a low active fraction adds capacity without adding decode cost. Section 23.4 gives the 

router equations. N_active = f · N_total,   decode cost ∝ N_active
Reading Figure 10 with the text, the mathematics, and the code. The surface is the equation above; 

the red points are the published models named in the text. Moving right along the surface adds capacity,  

moving up adds cost. Code example 4 is the router that sets f.

the 2017 baseline treats the feed-forward block as one multilayer perceptron that runs on every token.  

Mixture of experts replaces that multilayer perceptron with a bank of N expert feed-forward networks and 

a tiny router. One token, one layer: a hidden vector arrives; the router produces N scores; softmax then 

top-k; the chosen experts run; the other N minus k do no matrix multiplies for this token; a weighted sum 

plus residual is written back. An optional shared expert always runs.

Published k values in 2025–2026 reports:  8 in Qwen3-235B-A22B and in Gemma 4 26B-A4B; 6 in 

DeepSeek-V4; 1 routed plus 1 shared in Llama 4 Maverick; 16 in Kimi K3; 35 billion active on an 

unspecified expert graph in MAI-Thinking-1. DeepSeek-V4, Llama 4 Maverick, and Gemma 4 26B-A4B 

add one shared expert. Qwen3-235B does not. DeepSeek-V4 hash-routes the first three mixture-of-experts 

layers and learns the rest (DeepSeek-AI 2026a). Attention is usually not routed. Only the feed-forward 

block is an expert bank.
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Figure 3. A mixture-of-experts layer. The hidden vector hits a router. Softmax top-k lights a few experts and leaves  

the rest idle. A shared expert, when present, always runs. The output is a weighted sum plus a residual. Worked  

numbers on the figure: DeepSeek-V4-Pro 384 routed plus 1 shared, k=6, 1.6 trillion total, 49 billion active; Llama 4  

Maverick 128 plus 1, k=1 plus shared, 400 billion total, 17 billion active; MAI-Thinking-1 about 1 trillion total, 35  

billion active (35B active is DISCLOSED in the Build 2026 keynote; the ~1T total is repeated in Microsoft materials  

and secondary listings and should be treated as DISCLOSED rather than as a layer table); Kimi K3 896 experts,  

k=16, 2.8 trillion total, 104 billion active. Attention is usually not routed.g(x) = softmax( W_r x ),   y = Σ_{i ∈ TopK(g, k)} g_i(x) · Expert_i(x) + Shared(x)active fraction = N_active / N_total
Reading Figure 3 with the text, the mathematics, and the code. The text states that a 1.6 trillion 

parameter mixture-of-experts model does not cost 33 times a 49 billion dense model per token. The router 

equation is the diagram in this figure: softmax scores, the top k chosen, a weighted sum plus the shared  

expert. The active-fraction equation turns the published counts into cost: 49 / 1,600 ≈ 3.1 percent. Figure 

10 plots that relationship in three dimensions, and Code example 4 runs a router with k = 2 of 8 experts,  

printing an active fraction of 0.25 (Section 23.4).

5.1 Worked example: active fraction

Iacoletti Software research report. Claims tagged PUBLISHED / DISCLOSED / FOUNDER / UNKNOWN / FORECAST.
21



Iacoletti Software  |  AI Is Accelerating Its Own Development

DeepSeek-V4-Pro stores 1.6 trillion parameters and activates 49 billion per token. The active fraction is  

49e9 /  1.6e12 = 0.030625,  about  3.1 percent.  Llama 4 Maverick stores 400 billion and activates 17 

billion: 17e9 / 400e9 = 0.0425, about 4.3 percent. Gemma 4 26B-A4B stores 25.2 billion and activates 3.8 

billion:  about  15 percent.  Dense Gemma 4 31B activates  100 percent.  MAI-Thinking-1 activates  35 

billion. If the ~1 trillion total listed alongside it holds, the active fraction is about 3.5 percent, in the same 

band as V4-Pro and Kimi K3.

Lesson. Saying 1.6 trillion model without an active count is not a compute claim. It is a storage claim. 

Decode FLOPs track active parameters and sequence length. Memory at rest tracks total parameters and 

bit-width. Serving also pays for routing and all-to-all when experts live on different devices. Claude Opus  

5.5 and Grok 4.7 expert tables remain UNKNOWN. Gemini 3 Pro says sparse mixture-of-experts on the 

card and does not give N or k.

Code examples for Section 5

The examples below are Python 3 with NumPy. Each one runs as printed and was tested for this report;  

the expected output is shown in the final comment or printed line. They are illustrative implementations  

of the components described in this section, written for clarity rather than speed.

Code example 4. A top-k mixture-of-experts layer with the load-balancing loss.

import numpy as np
 
def softmax(x):
    e = np.exp(x - x.max(-1, keepdims=True)); return e / e.sum(-1, keepdims=True)
 
def moe_layer(x, W_router, experts, k=2, alpha=0.01):
    """x: (T, d). experts: list of (W_in, W_out). Returns output and balance loss."""
    T, E = x.shape[0], len(experts)
    probs = softmax(x @ W_router)                      # (T, E) router probabilities
    topk = np.argsort(-probs, axis=1)[:, :k]           # chosen experts per token
    y = np.zeros_like(x)
    counts = np.zeros(E)
    for t in range(T):
        w = probs[t, topk[t]]; w = w / w.sum()         # renormalize over chosen experts
        for weight, e in zip(w, topk[t]):
            W_in, W_out = experts[e]
            y[t] += weight * (np.maximum(x[t] @ W_in, 0) @ W_out)
            counts[e] += 1
    f = counts / (T * k)                               # share of routed slots per expert
    P = probs.mean(axis=0)                             # mean router probability per expert
    balance_loss = alpha * E * np.sum(f * P)
    return y, balance_loss
 
rng = np.random.default_rng(2)
T, d, E = 8, 16, 8
experts = [(rng.normal(size=(d, 32)) / 4, rng.normal(size=(32, d)) / 6) for _ in range(E)]
y, lb = moe_layer(rng.normal(size=(T, d)), rng.normal(size=(d, E)), experts, k=2)
print(y.shape, round(lb, 4))
print("active fraction of expert weights per token:", 2 / E)   # k / E = 0.25
 
# Output when run:
# (8, 16) 0.0125
# active fraction of expert weights per token: 0.25
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Only k of E experts run for each token, so the active fraction of expert weights is k / E (Sections 5 and  

23.4).

6. Attention families and the context memory stack

Why this section matters to the thesis. Long context is a precondition for AI doing AI engineering: a 

model must hold large codebases, logs, and papers at once. The one million token windows documented 

here are what made the large migrations and audits in The case, Evidence 5, possible.

The mathematics. The attention equation, the cost formula with its crossover at T ≈ 6d, the key-value  

cache formula with a worked one-million-token example, and the arithmetic of sparse and compressed 

attention are in Sections 23.2 and 23.5.
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Figure 11. When attention's quadratic term takes over. The surface shows the share of per-layer compute spent in  

the T² attention term, 4T²d / (24Td² + 4T²d), across sequence length T and model width d on logarithmic axes. The  

share passes 50% where T = 6d: near 49,000 tokens for a width of 8,192 (illustrative). One-million-token windows  

sit far up the plateau, which is why sparse, compressed, and local attention families exist (Section 23.5).T  share = 4T d / (24Td  + 4T d),   = 50% at T = 6d² ² ² ²

Reading Figure 11 with the text, the mathematics, and the code. The text's claim that million-token 

windows need new attention families is this equation: past T = 6d, most compute goes to the quadratic  

term, the plateau in the figure. Code example 6 shows the fix: a sliding window keeps the number of 

scores linear in T.
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Figure 12. Key-value cache size. The surface is bytes = 2 · L · n_kv · d_head · T · b for an illustrative model with 64  

layers, head width 128, and 8-bit storage, across sequence length T and the number of key-value heads n_kv, on a  

logarithmic  vertical  axis.  With  8  key-value  heads,  one  million  tokens  need  about  131  gigabytes  for  a  single 

conversation. Grouped-query and latent attention move a model toward the low-n_kv edge of the surface (Section  

23.5). KV bytes = 2 · L · n_kv · d_head · T · b
Reading Figure 12 with the text, the mathematics, and the code. The figure evaluates this equation for 

an illustrative 64-layer model. The text's reason for grouped-query attention is the n_kv axis: fewer key-

value heads mean a smaller cache. Code example 5 computes the same quantity with its cache_bytes  

method.
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Quadratic  multi-head  attention  is  the  2017  ending,  not  the  2026  production  kernel.  Full  multi-head 

attention stores a unique key and value per query head. Grouped-query attention shares keys and values 

across groups of query heads. Multi-head latent attention, published in the DeepSeek line, stores a latent 

code instead of full per-head keys and values. DeepSeek Sparse Attention adds a lightning indexer so cost 

moves toward O(n k) with k much smaller than n. DeepSeek-V4 interleaves compressed sparse attention 

(pool every 4 tokens, indexer top-k) and heavily compressed attention (pool every 128 tokens), plus a raw 

128-token local window. At one million tokens, V4-Pro claims 27 percent of the prior generation decode 

FLOPs and 10 percent of its key-value cache (DeepSeek-AI 2026a). Gemma 3 and Gemma 4 keep rotary 

positions and add short sliding windows plus rare global layers (Gemma Team 2025, 2026). Kimi K3 

uses Kimi Delta Attention and attention residuals (Kimi Team 2026).

Claude 1 million, Gemini 1 million, and Grok 4.7 500 thousand are DISCLOSED window sizes. The 

kernel behind those windows is UNKNOWN. Do not equate an advertised window with bidirectional  

encoder memory or with full dense attention.

Figure  4.  Attention families.  Multi-head attention is  the  2017 object:  every  head stores  keys  and values,  cost 

quadratic in sequence length. Grouped-query attention shares the cache across groups of query heads. Multi-head 

latent  attention  stores  a  latent  code  and  reconstructs.  Compressed  sparse  attention  plus  heavily  compressed 

attention is the DeepSeek-V4 hybrid: an indexer picks a sparse set, a coarse view pools every 128 tokens, and a raw 
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local window of 128 tokens keeps recent context exact. Gemma uses a local sliding window plus rare global layers.  

Cost notes on the figure are order-of-growth illustrations, not laboratory FLOP audits for closed models.score cost:  full ∝ T  · d_k,   sparse ∝ T · s · d_k²KV bytes = 2 · L · n_kv · d_head · T · b
Reading Figure 4 with the text, the mathematics, and the code. The text says long windows forced 

new attention families. The first equation is why: full attention grows with the square of length, while 

sparse attention with s selected positions grows linearly. The second equation is why grouped-query and 

latent attention exist: they shrink n_kv or replace it with a small latent code. Figures 11 and 12 plot both 

equations in three dimensions. Code example 5 implements grouped-query attention with a growing cache 

and reports its size; Code example 6 shows a sliding window computing 21 scores instead of 36 (Section 

23.5).

Figure 5. Context memory stack in 2026 products. Layer 1 is the weights: long-term knowledge, updated at train 

time.  Layer  2  is  the  key-value  cache:  this  conversation  window.  Layer  3  is  compaction  and  context  editing:  

summarized or dropped older turns (Anthropic 2025b). Layer 4 is memory files and thought signatures or encrypted  

reasoning blobs (Anthropic product memory; xAI 2026c; Gemini thought signatures). Layer 5 is retrieved chunks 

pasted as a prefix. The LSTM forget gate lived inside the cell. The 2026 forget operator lives in layers 3 through 5.  
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A one million token window that is then compacted is not uniform memory. Position and compression decide what  

survives. context = pinned rules + summary(old turns) + recent turnscache bytes grow linearly in T until compaction resets T
Reading Figure 5 with the text, the mathematics, and the code. The text says memory in 2026 lives in 

five layers, and that the forget operator moved out of the model into the product. The first expression is 

layer 3 of this figure, compaction, written as a formula; the second is layer 2, the key-value cache, whose 

size equation appears under Figure 4. Code example 7 implements layers 3 and 4 in a few lines, keeping 

pinned rules verbatim and summarizing old turns; Code example 5 shows the cache of layer 2 growing  

token by token.

Long-context degradation is a measured fact of decoder-only transformers, not only a rumor. The phrase 

lost in the middle entered the literature before 2025 and is treated here as established background. 2025–

2026 cards respond with larger windows, caches, and compaction, not with a published proof that every 

token in a one million token prompt is used equally. Reading check: design an eval that scores an agent  

after compaction, after the thought blob is dropped, and after retrieval replaces raw history. That eval is  

the forget-gate lab for 2026.

Code examples for Section 6

The examples below are Python 3 with NumPy. Each one runs as printed and was tested for this report;  

the expected output is shown in the final comment or printed line. They are illustrative implementations  

of the components described in this section, written for clarity rather than speed.

Code example 5. Rotary position embeddings, grouped-query attention, and a key-value cache.

import numpy as np
 
def rope(x, pos, base=10000.0):
    """Rotate pairs of coordinates of x (d even) by angles proportional to position."""
    d = x.shape[-1]; half = d // 2
    freqs = base ** (-np.arange(half) / half)
    ang = pos * freqs
    x1, x2 = x[..., :half], x[..., half:]
    return np.concatenate([x1 * np.cos(ang) - x2 * np.sin(ang),
                           x1 * np.sin(ang) + x2 * np.cos(ang)], axis=-1)
 
class GQACache:
    """Grouped-query attention with a key-value cache: n_q query heads share n_kv K/V heads."""
    def __init__(self, n_q, n_kv, d_head):
        self.n_q, self.n_kv, self.d = n_q, n_kv, d_head
        self.K, self.V = [], []                        # one entry per past token
    def step(self, q, k, v, pos):
        """q: (n_q, d); k, v: (n_kv, d) for the newest token only."""
        self.K.append(rope(k, pos)); self.V.append(v)
        K, V = np.stack(self.K, 1), np.stack(self.V, 1)          # (n_kv, T, d)
        group = self.n_q // self.n_kv
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        out = []
        for i in range(self.n_q):
            j = i // group                                        # shared K/V head
            s = K[j] @ rope(q[i], pos) / np.sqrt(self.d)          # (T,)
            w = np.exp(s - s.max()); w /= w.sum()
            out.append(w @ V[j])
        return np.stack(out)
    def cache_bytes(self, n_layers, bytes_per=1):
        return 2 * n_layers * self.n_kv * self.d * len(self.K) * bytes_per
 
rng = np.random.default_rng(3)
c = GQACache(n_q=8, n_kv=2, d_head=16)
for pos in range(5):                                   # generate 5 tokens
    out = c.step(rng.normal(size=(8, 16)), rng.normal(size=(2, 16)), rng.normal(size=(2, 16)), pos)
print(out.shape, c.cache_bytes(n_layers=64))           # cache grows linearly with tokens
# relative-position property: rotated dot product depends only on the offset
q, k = rng.normal(size=16), rng.normal(size=16)
print(np.isclose(rope(q, 7) @ rope(k, 3), rope(q, 14) @ rope(k, 10)))   # True
 
# Output when run:
# (8, 16) 20480
# True

The  final  check  confirms  the  RoPE property:  the  rotated  dot  product  depends  only  on  the  distance 

between  positions.  Cache  size  grows  linearly  with  tokens  and  with  the  number  of  key-value  heads  

(Section 23.5).

Code example 6. A local sliding-window mask and a local-plus-global layer pattern.

import numpy as np
 
def local_causal_mask(T, window):
    """True where attention is allowed: past tokens within the window."""
    i = np.arange(T)[:, None]; j = np.arange(T)[None, :]
    return (j <= i) & (i - j < window)
 
def layer_pattern(n_layers, global_every):
    """Local-plus-global stack: most layers local, every k-th layer full."""
    return ["global" if (l + 1) % global_every == 0 else "local" for l in range(n_layers)]
 
m = local_causal_mask(T=8, window=3)
print(m.astype(int))
print("scores computed:", m.sum(), "versus full causal:", 8 * 9 // 2)
print(layer_pattern(12, global_every=6))
 
# Output when run:
# [[1 0 0 0 0 0 0 0]
#  [1 1 0 0 0 0 0 0]
#  [1 1 1 0 0 0 0 0]
#  [0 1 1 1 0 0 0 0]
#  [0 0 1 1 1 0 0 0]
#  [0 0 0 1 1 1 0 0]
#  [0 0 0 0 1 1 1 0]
#  [0 0 0 0 0 1 1 1]]
# scores computed: 21 versus full causal: 36
# ['local', 'local', 'local', 'local', 'local', 'global', 'local', 'local', 'local', 'local', 'local', 
'global']

With a window of 3 over 8 tokens, the model computes 21 scores instead of 36; stacks like Gemma 

interleave many local layers with occasional global ones.

Code example 7. The context memory stack: session-start memory files and compaction.

def compact(history, pinned, keep_recent=4, summarize=lambda turns: f"[summary of {len(turns)} 
turns]"):
    """Context compaction: pinned rules verbatim, old turns summarized, recent turns kept."""
    old, recent = history[:-keep_recent], history[-keep_recent:]
    return pinned + ([summarize(old)] if old else []) + recent
 
def session_start(memory_files):
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    """Memory outside the weights: files loaded before the first turn of every session."""
    return [f"MEMORY {name}: {text}" for name, text in memory_files.items()]
 
pinned = ["RULE: never edit the protected module"]
history = session_start({"decisions.md": "fix recorded in an earlier session"})
history += [f"turn {i}" for i in range(10)]
print(compact(history, pinned))
 
# Output when run:
# ['RULE: never edit the protected module', '[summary of 7 turns]', 'turn 6', 'turn 7', 'turn 8', 
'turn 9']

Pinned rules stay verbatim, old turns are summarized, recent turns are kept. This is layer 3 and layer 4 of  

Figure 5 in miniature.

7. Adaptive reasoning

Why this  section matters  to the thesis. Test-time reasoning turned models  from autocomplete  into 

agents that can carry multi-hour engineering tasks. That agentic work is what METR assessed when it 

estimated AI-driven acceleration (The case, Evidence 1).

The mathematics. The probability arithmetic for repeated attempts and verification is in Section 23.11.
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Figure 13. Test-time compute with a perfect verifier. The surface is P = 1 − (1 − p)^k: the chance that at least one 

of k independent attempts succeeds when each succeeds with probability p. At p = 0.3, eight attempts reach about 

0.94. The surface rises fastest for low-p tasks, which is why extra test-time compute pays most on hard problems,  

provided a verifier can recognize success (Section 23.11).P = 1 − (1 − p)^k
Reading Figure 13 with the text, the mathematics, and the code. The text says extra test-time compute 

should  buy verification.  The equation and the  figure  show the  pay-off  when a  verifier  exists;  Code 

example 8 confirms it by simulation (0.942 simulated against 0.942 predicted).
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the  2017  baseline  already  has  extra  test-time  compute:  beam  search,  sampling  many  continuations, 

reranking. Adaptive reasoning is that idea moved inside the model and sold as a knob. The model is still a 

next-token decoder. For a hard prompt it is trained, usually with reinforcement learning after supervised 

traces, to emit a hidden or semi-hidden chain of thought before the user-visible answer. Those thought 

tokens are ordinary generated tokens. They cost output-token money. They fill the context window. They 

can be dropped, summarized, or encrypted when the turn ends.

Adaptive means the model is also trained to decide how many thought tokens to spend. Laboratories 

expose that decision as effort or budget. Claude Fable 5.1 and Opus 5.5 run adaptive thinking always on 

(Anthropic 2026a, 2026b).  Claude Sonnet 5 runs adaptive thinking on by default  (Anthropic 2026c). 

Claude Haiku 4.5 still uses manual extended thinking. Grok 4.7 exposes low, medium, high, and xhigh  

and requires  the  client  to  send an  encrypted  reasoning  blob  back  (xAI  2026c).  Gemini  3.x  exposes 

thinking budgets  and Deep Think;  thinking cannot  be fully  off  on several  3.x SKUs (Gemini  Team 

2025/2026). Qwen3 unifies thinking and non-thinking with a budget (Qwen Team 2025). GPT-5.6 adds a 

further product mode, ultra,  that coordinates parallel subagents (OpenAI 2026a). That last mode is a  

harness, not a published new layer type.

Figure 6. Adaptive reasoning is extra decode. The prompt is prefilled into the key-value cache. An effort policy then  

buys thought tokens. The visible answer follows. Stop. The decoder does not grow a new block. What grows is the 
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number of generated tokens and the chance that those tokens overflow the window or the bill. Always-on thinking on 

Fable, Opus 5.5, Grok 4.7, and several Gemini 3.x SKUs is a product default, not evidence of a second network.  

Deep Think and ultra add parallelism. Serial traces remain the Anthropic and SpaceXAI default.total decode tokens = thought tokens + answer tokensP(success in k attempts) = 1 − (1 − p)^k
Reading Figure 6 with the text, the mathematics, and the code. The text says adaptive reasoning adds 

decode, not a new block. The first equation is the figure's right-hand side: effort buys more generated 

tokens before the answer. The second equation says when that spending pays: repeated attempts help only 

if something can verify success. Figure 13 plots the second equation, and Code example 8 simulates it,  

matching 0.94 for p = 0.3 and k = 8 (Section 23.11).

Map. Extra LSTM steps become thought tokens. Beam width becomes the effort tier. The output gate 

becomes the policy that stops thinking. The research problem for the next decade is not how to draw this  

figure. It is when two thousand thought tokens beat a two-times larger active net, and how to verify a  

thought so extra tokens are not just longer wrong answers.

Code examples for Section 7

The examples below are Python 3 with NumPy. Each one runs as printed and was tested for this report;  

the expected output is shown in the final comment or printed line. They are illustrative implementations  

of the components described in this section, written for clarity rather than speed.

Code example 8. Test-time compute: spend a budget of attempts behind a verifier.

import numpy as np
 
def solve_with_budget(attempt, verify, k):
    """Spend test-time compute on k attempts; return the first one a verifier accepts."""
    for i in range(k):
        answer = attempt(i)
        if verify(answer):
            return answer, i + 1
    return None, k
 
rng = np.random.default_rng(5)
p = 0.3                                                  # single-attempt success rate
trials = [solve_with_budget(lambda i: rng.random() < p, lambda a: a, k=8)[0] is not None
          for _ in range(20000)]
print("simulated:", np.mean(trials), " formula:", 1 - (1 - p) ** 8)   # both about 0.94
 
# Output when run:
# simulated: 0.9419  formula: 0.94235199

The simulation matches the formula 1 − (1 − p)^k of Section 23.11 and Figure 13.

8. Parameter precision and the four-bit trend
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Why this section matters to the thesis. Lower precision lowers the cost of training and serving, so the 

same compute buys more runs. Kernel development for accelerators, the work that makes low precision 

practical, is one of the capabilities Anthropic now restricts on its models (The case, Evidence 4).

The mathematics. Weight-memory arithmetic  and the  four-bit  value  grid  with  block  scaling  are  in 

Section 23.6.

Figure 14. Weight memory versus size and precision. The surface is bytes = N · bits / 8 on logarithmic axes. A 1.6 

trillion parameter model needs 3.2 terabytes at 16 bits, 1.6 at 8 bits, and 0.8 at 4 bits. Each halving of precision is  

equivalent to halving the parameter count in memory, which is why routed experts moved to four-bit formats first  

(Sections 8 and 23.6).
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Reading Figure 14 with the text, the mathematics, and the code. The text explains why routed experts 

moved  to  four  bits  first.  The  figure  shows  that  halving  bits  is  worth  as  much  memory  as  halving 

parameters; Code example 9 shows the error paid for it.

A parameter count is not a bit-width. The same architecture can be trained in 16-bit floating point, stored  

in 8-bit, and served with 4-bit experts. 2017 through 2022 trained and served in FP16 or BF16. 2023  

through 2024 made community INT4 common for local use while laboratories still trained in BF16. 2024 

through 2025 made FP8 mixed-precision pretraining a published frontier method. 2025 through 2026 

made native 4-bit for routed experts a published serving choice, with the hot path often at 8 bits or wider.

PUBLISHED  examples.  DeepSeek-V4  base  checkpoints  are  FP8  mixed;  instruct  checkpoints  store 

mixture-of-experts parameters in FP4 and most other parameters in FP8 (DeepSeek-AI 2026a). Kimi K3 

uses  quantization-aware  training  from  supervised  fine-tuning  onward:  MXFP4  weights,  MXFP8 

activations (Kimi Team 2026). NVIDIA published NVFP4 recipes and a DeepSeek-V4-Pro-NVFP4 card 

(NVIDIA 2025, 2026). Gemma 4 discusses quantization-aware training for edge SKUs (Gemma Team 

2026). UNKNOWN: serving precision for Claude Opus 5.5, Fable 5.1, Grok 4.7, and Gemini 3.x. Do not 

write Claude is 4-bit.
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Figure 7. Precision stack, 2025–2026. Pretrain is commonly FP8 mixed in the open reports. Routed experts at  

inference are the first tensors to drop to FP4, MXFP4, or NVFP4, because they dominate stored bytes and many of  

them sleep on any given token. Attention and the router more often stay at FP8 because they run on every token.  

Edge SKUs use quantization-aware training down to Q4. Closed serving dtypes for Claude, Grok 4.7, and Gemini  

3.x remain UNKNOWN. The phrase 4-bit model in 2026 almost always means sleeping experts, not the whole net.weight bytes = N · bits / 8x ≈ s · q,   q ∈ {0, ±0.5, ±1, ±1.5, ±2, ±3, ±4, ±6},   s = max|x| / 6
Reading Figure 7 with the text, the mathematics, and the code. The text says four-bit in 2026 almost 

always means sleeping experts. The first equation gives the memory saving that motivates it; the second 

is the E2M1 format with a block scale that makes it workable. Figure 14 plots the first equation across 

model sizes. Code example 9 quantizes 4,096 weights to four bits, cutting 8,192 bytes to 2,176 at a 10.2 

percent relative error, the trade-off this figure's precision stack is built around (Section 23.6).

Code examples for Section 8

The examples below are Python 3 with NumPy. Each one runs as printed and was tested for this report;  

the expected output is shown in the final comment or printed line. They are illustrative implementations  

of the components described in this section, written for clarity rather than speed.

Code example 9. Block-scaled four-bit (E2M1) quantization.

import numpy as np
 
E2M1 = np.array([0, 0.5, 1, 1.5, 2, 3, 4, 6])          # magnitudes a 4-bit E2M1 float can hold
 
def quantize_fp4(x, block=32):
    """Block-scaled 4-bit quantization: each block of values shares one scale."""
    x = x.reshape(-1, block)
    scale = np.abs(x).max(axis=1, keepdims=True) / 6.0  # map the block maximum to 6
    scale[scale == 0] = 1.0
    mag = np.abs(x) / scale
    idx = np.abs(mag[..., None] - E2M1).argmin(-1)      # nearest representable value
    return np.sign(x) * E2M1[idx], scale
 
def dequantize(q, scale):
    return (q * scale).ravel()
 
rng = np.random.default_rng(4)
w = rng.normal(size=4096).astype(np.float32)
q, s = quantize_fp4(w)
w_hat = dequantize(q, s)
rel_err = np.linalg.norm(w - w_hat) / np.linalg.norm(w)
print(f"relative error {rel_err:.3f}; bytes: fp16 {w.size*2}, fp4 {w.size//2 + s.size*1}")
 
# Output when run:
# relative error 0.102; bytes: fp16 8192, fp4 2176

Four-bit storage cuts weight memory by about four times against 16-bit at a measurable error; block size 

and scale format control that error (Sections 8 and 23.6).
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9. Five laboratories compared

Why this section matters to the thesis. The laboratories' design bets decide where acceleration appears 

first: the laboratory with the strongest coding agent and the most compute gets the most AI help with its 

own  research.  Anthropic  publishes  the  only  acceleration  measurements  reviewed  here;  Google  has 

disclosed the intent for models to write parts of the next Gemini.

The five organizations below all generate with a decoder-only transformer. They do not pursue the same 

change to that  chassis.  The contrast  is  the point  of  this  section.  Figure 8 is  the one-page strip.  The  

subsections are the evidence.

Figure 8. Five laboratory design bets, 24 September 2026. Anthropic: one weight plus a classifier cascade, with 

Fable and Mythos as two policies. SpaceXAI: scale, a C++ training stack mapped onto Colossus-class clusters, and 

encrypted thoughts. Google: a sparse mixture-of-experts multimodal flagship, an open Gemma cousin, and an Omni 

media branch. Meta: 17 billion active parameters on Llama 4 and a distribution story. Microsoft: an orchestrator 

over MAI-Thinking-1 (35 billion active), MAI-Code-1-Flash (5 billion active), Phi, and partner models. None of  

these columns is a layer table for the unpublished closed nets.active fraction = N_active / N_total   (Llama 4 Maverick: 17 / 400 ≈ 4.3%)
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Reading Figure 8 with the text, the mathematics, and the code. The text contrasts five laboratory bets. 

The one bet that can be written as an equation from published numbers is Meta's and Microsoft's: collapse 

the active parameter count while growing the total. The equation gives Meta's published ratio. Figure 10 

places Llama 4 Maverick and DeepSeek-V4-Pro on the active-versus-total surface, and Code example 4 

shows the router that produces the ratio.

9.1 Anthropic

Documented design bet. Capability in one weight, then policy around it. Fable 5.1 and Mythos 5.1 are the  

same model with different safeguards (Anthropic 2026a). Constitutional Classifiers++ sit in front of the 

net: a cheap activation probe screens all traffic and escalates suspects to a heavier classifier that reads  

both sides of the conversation (Anthropic 2026d). When classifiers fire on cybersecurity, biology and 

chemistry, or distillation, traffic can fall back to a weaker Opus SKU. Adaptive thinking is always on for 

the top SKUs. Compaction, context editing, and memory files are first-class product memory (Anthropic 

2025b). Opus 5.5 (22 September 2026) is sold as Fable-class quality at a lower price (Anthropic 2026b). 

Sonnet 5.5 and Haiku 5.5 are named as coming weeks with no internals (Anthropic 2026b). Compute 

planning talks of order 2 gigawatts for a 2027 training run and 5 gigawatts for a 2028 run. That is  

DISCLOSED compute, not a parameter table.

What they will not publish. Depth, width, experts, attention family, bit-width. How that differs. Anthropic 

invests in control architecture (classifiers, two-policy one-weight, release gates) as much as in the residual 

block. The research implication is that a 2027 Claude may be blocked from general access even if the net  

is ready. Their architectural silence is itself a strategy: competitors cannot copy a diagram that does not 

exist. Fable versus Mythos is the cleanest published example in 2026 of policy as architecture. Section 20  

collects the full Anthropic and Claude record in the same shape as the SpaceXAI chapter in Section 19:  

product line, Opus 5.5 specifications, product memory, classifiers, Claude Code, the A–K mapping, a 

setup checklist, and per-change forecasts.

9.2 SpaceXAI

Documented design bet. Scale the base, lengthen reinforcement learning, own the software that maps onto 

the cluster. Grok 4.6 is labeled a 1.5T-scale family (xAI 2026a). Grok 4.7 is a larger base plus a longer  

reinforcement-learning run on multi-hour  tasks (xAI 2026b).  Context  is  500,000 tokens.  Thinking is 

always on, with an encrypted blob that the client must pass back (xAI 2026c). Founder posts assign 2.5  

trillion parameters and a from-scratch C/C++ training stack to Grok 4.8, claim large gains versus JAX,  

and name Grok 5 as the AGI-class target. Those figures are FOUNDER, not model-card facts. The only 
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fully  specified  Grok  remains  the  2024  open  release,  treated  here  as  lineage  and  not  listed  in  the 

bibliography.

How  that  differs.  SpaceXAI's  distinctive  published  move  is  systems  software,  not  a  new  attention 

formula. Colossus-scale clusters and a C++ stack that exact-maps to GB300 hardware are the claimed 

advantage.  Reinforcement-learning  fragility  is  on  the  public  record:  Grok  4.7  slipped  because 

reinforcement learning penalized response length and the model gave up on hard tasks too early. The  

encrypted thought blob is product state. Dropping it is a forget gate. Expert graph and attention family for 

Grok 4.7 remain UNKNOWN.

9.3 Google DeepMind

Documented design bet. One multimodal transformer family, sparse mixture of experts at the flagship, 

distillation into Flash and on-device, hardware co-design on TPUs, and a world-model branch. Gemini 3  

Pro's card says sparse mixture-of-experts transformer with native multimodal support for text, vision, and 

audio;  up  to  one  million  input  tokens;  64,000  output  tokens;  optional  Deep  Think  (Gemini  Team 

2025/2026). Expert counts UNKNOWN. Gemma 4 is the open cousin: local-plus-global attention, a 26B-

A4B mixture of experts, an encoder-free 12 billion parameter Unified model that swallows raw patches  

and waveforms (Gemma Team 2026). Omni Flash emits video and audio (DeepMind 2026). TPU 8t/8i  

and multi-site training across very large TPU fleets are the hardware story (Pichai 2026). Gemini 4 is  

named and, as of 24 September 2026, in early post-training. Leadership has talked about models writing 

parts of the next Gemini under human guidance by about 2027, and about continual learning as a research 

target (DISCLOSED).

How that differs. Google is the only closed lab whose flagship card says mixture of experts, the only one 

with a full open decoder family that an independent lab can open, and the only one shipping a generative  

world-model product next to the chat model. The bet is breadth plus hardware: one stack from TPU to on-

device to video-out.

9.4 Meta

Documented design bet. Publish the architecture (Llama 4), then pursue personal-scale distribution and a 

second, tighter Superintelligence track. Llama 4 left a 405 billion parameter dense model for 17 billion  

active  parameters:  Scout  109  billion  total  with  16  experts  and  a  claimed  10  million  token  instruct 

window; Maverick 400 billion total with 128 routed plus 1 shared, alternating dense and mixture-of-

experts layers, native multimodal, one million token context (Meta 2025). Behemoth was described at 

launch as a larger teacher still training. Treat Behemoth counts as launch-era DISCLOSED, not a 2026  
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general-availability  card.  Official  2026  writing  emphasizes  personal  superintelligence  distributed  to 

billions (Zuckerberg 2026).

How that differs. Meta is the large Western lab that still puts a usable mixture-of-experts diagram on a  

public blog. The research value of Llama 4 is the drop in active parameters with a claimed jump in  

context. Scout's 10 million token instruct window is a claimed window, not a published attention proof.  

Open weights plus a tighter assistant model is a two-track strategy, not a single net.

9.5 Microsoft

Documented design bet. Do not win the densest flagship. Win the routing layer and the small-to-medium 

first-party nets  that  sit  under Copilot.  MAI-Thinking-1 is  a  sparse mixture-of-experts  model  with 35 

billion  active  parameters  and  a  256,000  token  window,  trained  from  scratch  without  third-party 

distillation  (Microsoft  AI  2026a,  2026b,  2026d).  The  same  keynote  calls  it  a  35B-active  parameter 

mixture of experts. Secondary Microsoft-adjacent listings repeat a total near one trillion; this report treats  

35 billion active and 256,000 context as DISCLOSED from the keynote and treats the exact total as 

DISCLOSED-with-caution rather than as a layer table. MAI-Code-1-Flash has 5 billion active parameters 

and is built for the GitHub Copilot accept-or-reject loop (Microsoft AI 2026a). Phi-4 is the edge portfolio, 

including a 15 billion parameter reasoning-vision variant (Microsoft Research 2026). Copilot is described 

as an orchestrator that can send a task to MAI, OpenAI, Anthropic, or Grok. Maia 200 silicon is co-

designed with the training pipeline.  Suleyman's  public  theme is  token efficiency and a  hill-climbing 

machine, not a 10 trillion dense net (Microsoft AI 2026c).

How that differs. Microsoft is the only lab on this list whose official text models come with published 

active counts at the same time as a closed serving stack. It is also the only one that treats multi-vendor 

routing as the product architecture. Phi keeps a dense small-model research line alive. Context at 256,000 

is smaller than Claude and Gemini at one million. That is a deliberate mid-size bet, not a missing number.

9.6 Contrast table

Design question Anthropic SpaceXAI Google Meta Microsoft
Publish the block 
diagram?

No Only 2024 lineage Partial; Gemma full Yes (Llama 4) Partial (active 
counts)

MoE as official 
story

UNKNOWN 4.7 UNKNOWN Yes on Gemini 3 
Pro card

Yes on Llama 4 Yes on MAI-
Thinking-1

Distinctive 2026 
change

Classifiers; two-
policy one-weight

C++ stack; 500K; 
encrypted thoughts

Native multimodal; 
Omni; TPU

17B active; 10M 
Scout claim

Orchestrator; 35B 
and 5B specialists

Memory outside 
weights

Compaction, files, 
cache

Encrypted blob, 
compaction

Thought signatures, 
caches

Product RAG in 
apps

Copilot routing + 
tools

Safety as 
architecture

Yes Less documented as 
a second net

Evals on cards Open-weight risk 
cited

Enterprise lineage; 
no distillation

Hardware co-design Cloud deals Colossus + GB300 
mapping

TPU 8t/8i Giant campuses Maia 200 + Azure
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Open weights No Lineage only Gemma 4 Llama 4 Phi-4

Stated horizon 
language

Powerful AI ~2027 
talk

Grok 5 AGI-class 
name (FOUNDER)

AGI ~2030 talk; 
self-improve loops

Personal 
superintelligence

Humanist 
superintelligence

The  shared  chassis  hides  the  real  disagreement.  Anthropic  bets  that  who  may  use  the  net  is  an  

architectural layer. SpaceXAI bets that training software and cluster mapping compound faster than a new 

attention paper. Google bets that modalities and custom silicon collapse into one model. Meta bets that  

active-parameter collapse plus distribution beats another dense giant. Microsoft bets that orchestration 

plus mid-size first-party mixture of experts beats owning the single best flagship.

10. Published open architectures and current products

Why this section matters to the thesis. Open reports are how acceleration can be checked from outside: 

they publish the sizes, kernels, and training details that closed laboratories keep UNKNOWN. A field that 

stays open is a field whose acceleration can be audited.

These are the open figures this report can measure. DeepSeek-V4 (DeepSeek-AI 2026a): V4-Flash 284 

billion total, 13 billion active, 256 routed plus 1 shared, k=6; V4-Pro 1.6 trillion total, 49 billion active,  

384 routed plus 1 shared, k=6; both use compressed sparse plus heavily compressed attention, a 4-times 

residual expansion, and a 1,048,576 token context. Kimi K3 (Kimi Team 2026): 2.8 trillion total, 104 

billion active, 896 routed, k=16, Kimi Delta Attention, one million token context, native vision and video 

input, MXFP4 and MXFP8 quantization-aware training. Llama 4 (Meta 2025): Scout 109/17 billion, 16 

experts,  10 million instruct  context claimed; Maverick 400/17 billion,  128 routed plus 1 shared, one 

million context. Qwen3-235B-A22B (Qwen Team 2025): 128 experts, 8 active, no shared expert, 128,000 

context, unified thinking modes. Gemma 4 (Gemma Team 2026): dense E2B, E4B, 12B Unified, 31B; 

mixture-of-experts 26B-A4B at 25.2/3.8 billion with 128 routed plus 1 shared, k=8; local plus global 

attention; 12B Unified is encoder-free multimodal.

Product Stack Total / active Context in / 
out

Thinking Precision Tag

Claude Opus 5.5 decoder-only 
product

UNKNOWN 1M / 128K adaptive always 
on

UNKNOWN DISCLOSED 
product

Claude Fable 5.1 same class UNKNOWN 1M / 128K adaptive always 
on

UNKNOWN DISCLOSED

Claude Mythos 
5.1

same weights as 
Fable

UNKNOWN 1M / 128K same UNKNOWN DISCLOSED

Claude Sonnet 5 same class UNKNOWN 1M / 128K adaptive default 
on

UNKNOWN DISCLOSED

Claude Haiku 
4.5

same class UNKNOWN 200K / 64K extended manual UNKNOWN DISCLOSED

Grok 4.7 decoder-only 
product

larger than 1.5T-
scale family

500K / uncapped 
text

always on, low–
xhigh

UNKNOWN DISCLOSED

Gemini 3 Pro sparse MoE counts 1M / 64K Deep Think / UNKNOWN PUBLISHED 
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transformer UNKNOWN budget sentence

Gemini Omni 
Flash

transformer UNKNOWN product-
dependent

product thinking UNKNOWN DISCLOSED

MAI-Thinking-1 sparse MoE 35B active; total 
~1T caution

256K reasoning model UNKNOWN DISCLOSED

MAI-Code-1-
Flash

sparse MoE 5B active 256K coding loop UNKNOWN DISCLOSED

DeepSeek-V4-
Pro

decoder-only 
MoE

1.6T / 49B 1M think modes FP4 experts, FP8 
rest

PUBLISHED

Kimi K3 decoder-only 
MoE

2.8T / 104B 1M thinking on MXFP4 / 
MXFP8

PUBLISHED

Llama 4 
Maverick

decoder-only 
MoE

400B / 17B 1M not Claude-style 
card

BF16-class 
official

PUBLISHED

Llama 4 Scout decoder-only 
MoE

109B / 17B 10M claimed same family BF16-class PUBLISHED

Gemma 4 26B-
A4B

decoder-only 
MoE

25.2B / 3.8B 256K thinking mode QAT discussed PUBLISHED

Gemma 4 31B decoder-only 
dense

30.7B / all 256K thinking family default PUBLISHED

10.1 Named future products

Name Source Said Not said
Claude Sonnet 5.5, Haiku 5.5 Anthropic 22 Sep 2026 

DISCLOSED
coming weeks; 5.5 package params, MoE, attention

Grok 4.8 Musk 14 Sep 2026 FOUNDER 2.5T, C++ stack, then RL experts, attention, dtype

Grok 4.9 / Grok 5 same FOUNDER capability ladder; AGI-class 
name

everything architectural

Gemini 4 Pichai; Kavukcuoglu 24 Sep 
2026 DISCLOSED

early post-training; larger base MoE shape, active params

Anthropic 2027–28 compute Amodei DISCLOSED ~2 GW then ~5 GW runs cannot convert to params

11. Two forecast timeframes: 2026–2031 and 2031–2041

Why this section matters to the thesis. The tracks in this section assume research moves at roughly its 

historical pace. If acceleration continues at about 1.5 times or more, the work forecast here arrives earlier.  

Section 22 converts these timeframes into dates under three acceleration scenarios.

Timeframe 1 is five years of serving architecture and cheaper kernels. Timeframe 2 is ten years of learned 

memory,  quality at  ten million tokens,  and a possible chassis  change.  Highest  expected reduction in 

wasted work is listed first inside each timeframe. These are FORECAST tracks, not vendor milestones.

Track 1. Memory that survives compaction and a new session. 2026 baseline: files, Projects, Anthropic 

memory tools,  Grok encrypted thought  blobs,  Gemini  thought  signatures,  and summary compaction. 

Compaction  is  the  product  forget  gate.  A  24  August  2026  paper,  Compaction  Cliff,  reported  that 

compacting a Claude Code session on Sonnet 4.6 kept 53 percent of safety rules after one round and 10 
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percent after five (FORECAST-adjacent published measurement on a 2026 product, not a lab kernel).  

2028–2031 shippable form: typed memory records (decision, iron rule, log, preference) with pin bits that 

compaction  is  forbidden  to  evict,  plus  a  mandatory  retrieve-before-claim  tool.  2036  hope:  either  a  

Continuum Memory System in a flagship SKU, following Titans and Hope (Google Research 2025), or 

files  that  are  strictly  better  and universally  adopted.  Success  metric:  iron rules  survive five compact 

rounds at 95 percent or better. Closest lab: Anthropic on the product memory tool; Google Research on 

the published science. Falsify: learned memory that silently drifts user constraints.

Track 2. Evidence-gated decode and tool-typed side effects. 2026 baseline: thinking tokens can name a 

cause before a log is read. Empty catch compiles. Paid APIs have no type in the net. Adaptive thinking on 

Opus 5.5 and extra-high effort on Grok 4.7 buy more decode, not observations. 2028–2031 shippable 

form: the serving graph refuses a causal claim without a tool span; empty catch is a build error; paid calls  

require a dry-run trace and a visible attachment list. 2036 hope: ungrounded cause is a first-class classifier 

target, same family as Constitutional Classifiers++ (Anthropic, January 2026). Success metric: classes C,  

G, H, and I drop at least 80 percent on a public incident-replay bench built from developer incident logs. 

Closest lab: Anthropic already routes on content class; Microsoft already routes specialists. Nobody yet  

routes  on  did  you  read  the  log.  Falsify:  more  thinking  tokens  without  tools  still  cut  class  C.  The 

September 2026 log says they do not.

Track  3.  Cheap  million-token  and  then  ten-million-token  quality.  2026  baseline:  one  million  token 

product windows exist at Anthropic and Google. Grok 4.7 ships 500,000. Quality papers lag the windows. 

DeepSeek-V4 compressed sparse attention plus heavily compressed attention is the open kernel: at one 

million tokens, V4-Pro uses 27 percent of V3.2 single-token FLOPs and 10 percent of the key-value 

cache (DeepSeek-AI 2026a). 2028–2031 shippable form: sparse or compressed attention is the default; 

key-value bytes at one million tokens are a small fraction of a 2025 full-attention cache. 2036 hope: ten 

million  token  windows that  pass  context-rot  and  lost-in-the-middle  evals  on  incident  logs,  not  only 

needle-in-haystack. Success metric: a fix from week minus four is retrieved before a diagnosis is emitted. 

Closest lab: DeepSeek and Gemma on published kernels; Meta Scout on a claimed ten million window. 

Falsify: bigger windows with the same rot curve.

Track  4.  Test-time  compute  that  buys  checks,  not  prose.  2026  baseline:  effort  sliders,  Deep  Think, 

always-on reasoning, multi-agent ultra modes. Extra tokens currently buy a longer internal monologue. 

2028–2031 shippable form: default extra FLOPs run tests, edition-parity checks, a live key probe, and a 

second model on the diff. 2036 hope: a compute-optimal policy spends most extra tokens on verifiers and 

tools, with a dollar cap and a stop condition. Success metric: extra think tokens correlate with regression-

suite pass rate, not answer length. Closest lab: Anthropic and Google on effort products; Microsoft on 
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specialist routing; OpenAI on named multi-agent modes. Falsify: high-effort mode still ships an empty 

catch.

Track  5.  Write-scope,  dual-edition  patches,  and  exact  workspace  edits.  2026  baseline:  Claude  Code 

PreToolUse hooks and Grok Build hooks exist and are optional. Zip-upload chat has no hook. Search-

and-replace is a local string operation. Two editions of one app are two prefixes. 2028–2031 shippable 

form: write tools take an edition pair and refuse if only one tree changed; protected files are fail-closed;  

replace is a transaction that must prove zero leftovers. 2036 hope: classes B, D, and F are tool errors, not 

user all-nighters. Success metric: a 100-session replay of a developer incident log shows those classes 

near zero when the agent is repo-native. Closest lab: Anthropic on hooks; Microsoft on orchestration. 

This is serving architecture. It is not a new attention head.

Track 6. Continual personalization without a full retrain. 2026 baseline: frozen weights plus retrieval and 

files. Titans learns a neural long-term memory at test time and scaled past two million tokens on needle 

tasks  in  the  2025  paper  (Behrouz,  Zhong,  and  Mirrokni  2025).  Nested  Learning  and  Hope  add  a 

Continuum Memory System that updates at many timescales (Behrouz et al. 2025; Google Research blog 

7 November 2025). Hope is a research prototype at about 1.3 billion parameters. It is not a Gemini card 

fact. 2028–2031 shippable form: test-time memory modules that a user can inspect and revert. 2036 hope:  

a production model that absorbs a fix repeated ten times as state, with an audit log of what it learned.  

Success metric: class A recurrence on a held-out developer log falls below two per 100 sessions. Falsify:  

personalization that cannot be inspected or rolled back, or that erases the base model.

Track 7. Sparsity, precision, and silicon. Supporting, not the main bet for product failures. 2026 baseline: 

FP8 pretrain is common in open reports; routed experts drop to FP4, MXFP4, or NVFP4 at inference;  

attention, routers, and norms stay wider (DeepSeek-AI 2026a; NVIDIA 2026). Active parameters per 

token for interactive SKUs sit in a 5 to 50 billion band even when totals are multi-trillion: Llama 4 at 17  

billion, MAI-Thinking-1 at 35 billion, DeepSeek-V4-Pro at 49 billion, DeepSeek-V4-Flash at 13 billion. 

Microsoft co-designs MAI with Maia 200 and reports a 1.4 times performance-per-watt gain (Microsoft 

2026a). 2036 hope: four-bit experts are default; two-bit only where a published quality floor holds; a 

consumer laptop GPU runs a local reviewer while the cloud runs the long agent. Success metric: verifier 

loops become cheap enough to be the default.  Falsify: precision work sold as a fix for history-blind 

sessions.

Track 8. Native multimodal and world-model heads. Real research, wrong tool for the September 2026 

incident  classes.  Gemini  Omni  and  native  image-audio-video  tokens  are  the  2026  media  branch 

(DeepMind 2026). They help a video product see that a clip was text-to-video when a plate was required. 

They do not ban an empty catch. Rank this track after tracks 1 through 5 for any developer who loses  
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money to silent paid-path failures. Hybrid linear or state-space mixers may eat some attention layers by 

2036. That is a kernel efficiency bet, not a product-memory bet.

What not to rank first. Raw parameter races (2.5 trillion, 6 trillion, 10 trillion talk) do not search last  

week. Switching Sonnet to Opus 5.5 does not retire class A: the incident log is dated two days after Opus 

5.5 shipped. Effort sliders alone do not force a log read. World-model heads do not type a paid API. 

Bringing LSTM back as the chat core is the wrong decade. Dense decoder-only scale without tracks 1  

through 5 will repeat 24 September 2026 at higher cost.

Near,  mid,  and far.  2026 through 2028 is  serving architecture:  repo-native agents,  fail-closed hooks, 

required CI, memory files, four-bit expert serving, hybrid attention in open models. 2028 through 2032 is 

evidence-gated decode, session retrieval as a required first tool, and vendor memory modules if they beat 

files on a public forget-curve. 2032 through 2036 is test-time-updated weights that do not silently drift. 

Only then should part of the key-value stack be replaced by a learned memory block in a flagship card.  

Keep files as source of truth until that card exists.

Open kernels must survive the decade. DeepSeek-V4 and Llama 4 are why this report can state active  

fractions and attention families without guessing Claude. The 2036 hope is that an open Hope-class or 

V4-class memory and sparse-attention stack still exists, so architecture claims can be checked. A field of  

five unpublished nets is not a scientific field.

12. What still applies from the 2017 baseline, and what does not

Why this section matters to the thesis. The parts of the 2017 baseline that survive mark the floor. The 

acceleration documented so far changed everything around the chassis, not the chassis itself; Section 18.2 

describes when that could change.

Keep. Next-token prediction and the chain rule. Backpropagation through discrete-time state, even if the 

state is now a key-value cache. Gating as a general idea. Attention as content-based addressing. Residual 

streams.  The  encoder-decoder  story,  understood  as  the  ancestor  of  retrieval  and  of  cross-attention 

multimodal  models.  Why  vanishing  gradients  and  quadratic  attention  are  two  faces  of  the  past  is 

expensive.

Add. Grouped-query and latent attention as key-value cache compression, read alongside the LSTM. 

Mixture of experts: router, shared versus routed experts, total versus active parameters, read alongside the 

gates. Long context as an architecture problem: rotary scale, sliding window plus global, sparse indexers. 

Test-time compute:  thinking tokens,  budgets,  parallel  samples,  compared with beam search. Memory 
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outside the weights: compaction, tool-result clearing, memory files, prompt caches, compared with the 

forget gate. One open 2026 report in full: DeepSeek-V4 or Gemma 4 or Kimi K3.

Stop implying. That multi-head attention over the full past is what deployed one million token models do. 

That parameter count without an active count describes a 2026 mixture-of-experts model. That a larger 

advertised window is uniform memory. That Claude, Grok 4.7, or Gemini 3 internals can be read off 

Llama 3. Use the open proxy and say so.

13. Unknowns that should stay unknown

Why this section matters to the thesis. The unknowns define the limits of the proof. Because closed 

networks  are  not  published,  acceleration  must  be  measured  through  evaluations,  capability  indices, 

release records, and laboratory statements, which is how The case is built.

Claude 5.x and 5.5: depth, width, experts, attention family, bit-width. Grok 4.7: expert graph, attention 

family,  exact  parameter  count,  dtype.  Gemini  3  Pro:  expert  counts  and  active  parameters.  Whether 

Gemini 4 or a future Grok 5 change the block or only data, reinforcement learning, and tools. Whether 

any closed flagship uses DeepSeek-style latent or compressed sparse attention. How thinking tokens are 

implemented (same decoder, extra head, or draft model). Whether a hybrid state-space model will be a 

closed flagship before 2030. A parameter count inferred from Anthropic gigawatt targets. Too many free 

variables: precision, sparsity, utilization, concurrent jobs.

14. The product failures a decade of architecture should retire

Why this section matters to the thesis. These failures show why acceleration inside the laboratories 

does not yet reach every user at full speed: models improve faster than the loops around them are adopted. 

They are also a measuring instrument: if acceleration carries into practice, these failure classes should fall  

with each release.

The architecture chapters above describe what the nets are. This chapter describes what they still do to a  

solo developer who ships software. The source is the author's own development incident log: about 100  

assistant sessions over five weeks, plus sampled earlier sessions, tagged into eleven repeated patterns A 

through K.  Most  corrections  in  the  log were  rework on a  problem already handled once.  The most 

common trigger was not reading prior session history.

This chapter does not claim that Claude Opus 5.5 or Grok 4.7 contain a published new block that causes  

these patterns. It claims the opposite. The patterns follow from the chassis this report already described: a  

decoder-only  transformer  with  no  durable  cross-session  weights,  a  finite  window,  a  product  forget 
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operator called compaction, next-token generation that can emit a guess in the same register as a fact, and 

tool use that is optional rather than required before a claim. Opus 5.5 and Grok 4.7 improve reasoning 

quality and product memory relative to 2025 SKUs. They do not, on the public record, add a layer that  

searches earlier chats, ports a fix to both editions, or refuses to invent a function name. Those remain 

system problems wrapped around the net.

14.1 The eleven classes

Tag Pattern Times in the record Architectural root on a 2026 
decoder-only assistant

A Did not search earlier sessions; 
presented fixed issues as new

15+ No weight-level memory of 
prior chats. Window and 
compaction are the only past. A 
new session is a new prefill.

B Rebuild or port regressions: fix 
lost, or shipped in one edition 
only

8+ The net does not own the repo. 
Two editions are two prefixes 
unless CI says otherwise.

C Diagnosed or guessed before 
reading logs or source

15+ Next-token decode can emit a 
cause in the same register as a 
fact. No published block 
requires a tool read first.

D Changed files or behavior not 
asked for, without saying so

9+ The decoder proposes edits. 
Permission is a hook or a 
human, not a layer.

E Invented copy, facts, figures, or 
names

11+ Unconstrained generation over a 
vocabulary. Grounding is 
optional product RAG, not a 
gate.

F Incomplete search and replace: 
fixed one site, left another

10+ Attention over an uploaded zip 
is not whole-repo search. Tools 
can stop early.

G Log analysis errors: one session 
as a pattern; missing events as 
failures

7+ Lost-in-the-middle plus no 
structured log algebra inside the 
net.

H Key validation that passes bad 
keys or rejects good ones

4+ Invented prefix rules instead of a 
required live authenticated call.

I Silent failures on paid paths 7+ Empty catch and unverified side 
effects. No architecture that 
treats a paid API as a 
transaction.

J Misread intent, definition, or 
direction

11+ Context rot, compaction 
dropping the definition, no 
durable glossary in weights.

K Ignored standing preference or 
answered longer than asked

5+ Preferences live in the prompt or 
a file. They are not parameters.

14.2 Why Opus 5.5 and Grok 4.7 still produce the same classes

Claude Opus 5.5, launched 22 September 2026, is the current Anthropic default recommended model.  

Adaptive thinking is always on. Context is 1 million tokens in, 128,000 out. Compaction, memory files, 

and prompt cache are the product memory (Anthropic 2026b; Anthropic 2025b). Grok 4.7, launched 21 
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September 2026, has a 500,000 token window, always-on thinking, effort low through extra-high, and an 

encrypted reasoning blob the client must send back (xAI 2026b, 2026c). Both are decoder-only products. 

Both can look, inside one session, at a very large prefix. Neither has a published mechanism that loads a  

fix made in an earlier session into a new session unless that fix sits in the current prompt, a memory file,  

or the repository the agent is attached to.

Pattern A is therefore not a missing expert. It is the absence of cross-session state in the weights. A new  

Claude.ai zip upload is a new prefill. A new Grok conversation without the blob and without the repo is a 

new prefill. Compaction inside a long session is a forget gate. Memory files help only if someone wrote 

the decision into the file. That is why the record's most common trigger is look at the chat history. The 

history is not in the net.

Pattern B is  edition parity.  A desktop edition and a browser edition of  one app share most  of  their  

TypeScript. The model does not have a layer that means both editions. A patch in one prefix is one patch.  

Git, monorepo packages, and required checks are the architecture that would have stopped an earlier fix 

from falling out of a later rebuild. Opus 5.5 thinking tokens will not port a function the tool never opened.

Pattern C is unconstrained diagnosis. Adaptive thinking makes the model talk to itself longer. It does not 

force a read of ffmpeg logs before the first causal sentence. Grok 4.7 extra-high effort is the same class of 

knob. Extra decode can produce a more elaborate guess. The published thinking docs do not say the 

model must call a read tool before naming a root cause.

Pattern D is the missing permission layer inside the residual stream. Anthropic ships hooks in Claude 

Code. xAI ships hooks in Grok Build that can fail open. Those are product gates around the net. The net 

itself still emits an edit. If the session is claude.ai with a zip, the gate is the human.

Pattern E is generation without a canon gate. Invented marketing copy, invented function names, invented 

model IDs, invented input limits: all are next-token continuations that were not required to match a file.  

Retrieval-augmented generation and a CANON.md help only if the tool is required and the sweep is  

required.

Pattern F is incomplete attention plus incomplete tools. Search-and-replace that hits one string and misses 

the paraphrase is exactly what a causal decoder does when it is not forced to sweep. A 1 million token 

window does not imply a complete grep.

Pattern G is long-context misuse. One failed user session became a claim that the browser edition cannot  

work on a mobile platform, while several other mobile users had succeeded. That is lost-in-the-middle 

plus a missing rule that missing events are not failures. Sparse attention research (DeepSeek-V4, Gemma 
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4) may change how cheaply a log file can sit  in the window. It  does not,  by itself,  install  statistical 

hygiene.

Pattern H is a fake validator. Prefix checks on API keys are invented rules. The architectural fix is a 

required live authenticated call, which is a tool constraint, not a new attention head.

Pattern  I  is  silent  failure  on a  paid  path.  An empty catch around video-API reference errors  turned 

referenced generations into plain text-to-video and wasted paid calls. Thinking tokens do not inspect a  

catch block unless a hook or a linter does. Four-bit experts and mixture-of-experts routing are irrelevant  

to this class.

Pattern J is definition drift.  A term the author defined one way was read by the model another way. 

Compaction can drop the definition. A memory file or a glossary in the repo is the current fix. Continual  

learning of a user's terms is a 2026-2036 research target, not a published Opus 5.5 block.

Pattern K is preference drift. Short answers, use my words, do not touch the protected export module: 

these  are  not  parameters.  They  are  prompt  text  that  compaction  can  summarize  away.  Standing 

preferences need a store outside the window.

14.3 What will not fix these classes

A larger advertised window alone will not fix A, B, D, H, or I. Claude already has 1 million tokens. 

Sessions in the log still presented already-fixed issues as new. More context without a required search of  

prior decisions is a bigger haystack.

More thinking tokens alone will not fix C, E, or I. Always-on adaptive thinking on Opus 5.5 and always-

on thinking on Grok 4.7 can refine a wrong theory. Effort sliders scale decode. They do not install a read-

logs-first gate.

More total parameters, more experts, or FP4 experts will not fix B or D. Those change cost per token and 

capacity. They do not own two editions or protect a file.

A second model used only as a chat opinion, without a shared repo and a required diff, will not fix F or E. 

It can catch some invented names. It cannot replace a sweep.

14.4 Targeted architectural improvements, next ten years, in priority order

Priority here means expected reduction in the Iacoletti-class rework, not expected reduction in a public 

benchmark. Each item names the patterns it hits, whether the fix lives in the net or around it, and what is  

already DISCLOSED versus FORECAST.

Iacoletti Software research report. Claims tagged PUBLISHED / DISCLOSED / FOUNDER / UNKNOWN / FORECAST.
49



Iacoletti Software  |  AI Is Accelerating Its Own Development

Priority 1. Durable decision memory outside the residual stream

Hits A, J, K, and the recurrences inside B. Build a store that survives compaction and a new session: 

memory files,  DECISIONS.md,  mistakes/*.yml,  encrypted blobs  that  are  actually  sent  back,  thought 

signatures that are actually persisted. Anthropic memory tools and compaction (Anthropic 2025b), Grok 

4.7  encrypted  reasoning  content  (xAI  2026c),  and  Gemini  thought  signatures  are  the  2026  product 

versions. The ten-year research problem is making that store queryable and mandatory before the first 

diagnostic sentence. Continual learning of user terms (Google DISCLOSED as a target) would move 

some of this into weights. Until a card says the weights themselves remember last week's fix, the store 

stays outside the net. This is R4 and R8 from Section 11, ranked first for this developer's record because  

A is the most common tag.

Priority 2. Tool-required-before-claim, as a serving rule not a prompt

Hits C, G, H. The model may not name a root cause until a read tool has returned logs or source. The 

model may not declare a key valid until a live authenticated call has returned. That is an architecture of 

the agent loop, close to Anthropic hooks and to Microsoft's Copilot router.  It  is not a new attention  

family. Over ten years the research question is whether this gate can be trained into the policy the way 

effort is trained, so a zip-upload chat cannot skip it. Today it must be a hook. Opus 5.5 adaptive thinking 

does not replace it.

Priority 3. Permission and scope as a hard pre-tool gate

Hits D and the unauthorized half of I. Protected files, paid paths, and unsolicited refactors are denied 

before the edit lands. Claude Code PreToolUse hooks already do this when the developer uses the repo  

agent. Grok Build hooks exist and can fail open. The ten-year improvement is fail-closed hooks plus a 

trained policy that lists every changed file. A residual-stream permission head is UNKNOWN and not  

required if the hook is mandatory. This is R10.

Priority 4. Whole-repo sweep as a first-class tool, not a hope about the window

Hits F, B, and E when the invented string exists elsewhere in docs. Sparse and compressed attention  

(DeepSeek-V4, Gemma 4) make a large repo cheaper to keep in the window. That is necessary and not  

sufficient. The required object is a sweep tool that must return zero remaining matches after a wording or  

number  change,  across  both  editions  and  the  docs.  Window  research  is  R2.  The  sweep  is  product 

architecture. Rank the sweep above another million tokens of unread context.

Priority 5. Edition-aware repositories and required CI
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Hits B and F. Shared packages, one change two editions, a regression-check script as a required CI check.  

This will not appear as a Gemini layer. It is the only published-quality fix for port regressions. Ten-year  

research can add models that propose the second-edition patch automatically. Shipping the patch must 

still go through the same required check. Otherwise the rebuild-loss class repeats on Opus 6 and Grok 5.

Priority 6. Paid-path transactions: no silent catch, verify before spend

Hits I and H. Treat Grok Imagine, Gemini, and Claude API calls as transactions: preflight a short paid 

call, attach references, refuse empty catch, cap spend in code not in a sentence the model can ignore. 

Four-bit experts lower the cost of a mistake. They do not detect the mistake. A 2028 world-model head  

that films a clip does not help if the catch still swallows the missing plate.

Priority 7. Grounded generation against a canon file

Hits E and listing-character limits. CANON.md plus LIMITS.json plus a required diff against approved 

copy. Retrieval is the 2020 object still doing work. Ten-year research: models that refuse to emit a feature  

sentence not entailed by the canon. That is closer to Constitutional Classifiers (Anthropic 2026d) than to a 

new feed-forward expert. Classifiers today gate harm. The same serving idea can gate invented marketing 

copy.

Priority 8. Verifier models and dual-model review, with a shared repo

Hits C, E, F when the second model is required to check claims against files, not to write a second essay.  

Grok checking Claude, or the reverse, is useful only if both see the same source and the same decision  

log. GPT-5.6 ultra and multi-agent modes (OpenAI 2026a) are the product preview. They are harnesses. 

They become architecture when the verifier cannot be skipped.

Priority 9. Long-context kernels that make logs and two editions cheap to keep loaded

Hits G and the raw capacity behind A and F. Compressed sparse attention, local-plus-global, Kimi Delta 

Attention: these are the published 2026 block improvements (DeepSeek-AI 2026a; Gemma Team 2026; 

Kimi Team 2026). Over ten years this is the highest-leverage change inside the net. It does not replace  

priorities 1 through 6. It makes them cheaper. Claude 1 million and Grok 500,000 already show that  

window size without a kernel paper and without a required search still produces pattern A.

Priority 10. Continual learning of one developer's terms and protected files

Hits J, K, A, D if it ever ships as a carded feature. Google has named continual learning as a research 

target. No 24 September 2026 flagship card says the production net updates weights from one customer's 
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DECISIONS.md. Until that card exists, treat this as FORECAST. Do not wait for it. Ship priorities 1 

through 6 now.

Priority 11. World-model heads and multimodal verifiers

Hits a subset of I and E for video products: a model that can see that a clip was text-to-video when a plate  

was required. Gemini Omni (DeepMind 2026) is the 2026 media branch. It is not a substitute for an  

empty-catch ban. Rank it last among this developer's classes because the expensive failures in the record 

were swallowed errors and missing references, which a linter already catches.

14.5 Mapping each pattern to a 2026 action and a 2036 hope

Tag Do now (product / repo) Hope by ~2031 (research) Do not wait for

A Session-start hook injects 
DECISIONS.md; one project 
per app; repo agent not zip

Mandatory memory query 
before first claim; possible 
continual terms

A 10M window that still is not 
searched

B Shared packages; required 
regression-check script; port in 
the same build

Model proposes the second-
edition patch

A new expert that knows both 
editions

C Hook: deny diagnosis until 
Read(log) and Read(source) 
return

Policy trained to refuse 
ungrounded causes

Max effort as a substitute for 
reading

D PreToolUse deny on protected 
files and paid paths; list every 
file

Trained scope that cannot emit 
an unasked edit

A larger base model

E CANON.md; verbatim rule; 
second-model check against files

Classifier-style gate on invented 
features

Better prose from thinking 
tokens

F Required sweep tool across both 
editions and docs

Sparse attn makes the sweep 
cheap

Trusting the window to notice 
the second string

G Device counts; never treat 
missing events as failures

Better long-context kernels on 
log files

One-session generalization as 
insight

H Live authenticated key call only Tool-required policy in the 
serving graph

Prefix heuristics

I Ban empty catch; preflight paid 
APIs; spend cap in code

Transaction semantics in the 
agent runtime

FP4 experts as safety

J Glossary in repo; ask once when 
meaning is unclear

Continual learning of user 
definitions

A new thinking slider

K Standing preferences in 
AGENTS.md injected every 
session

Preference store that compaction 
cannot drop

The model remembering 
because it is large

14.6 How this sits on the five-lab bets

Anthropic is the closest lab to priorities 1, 3, and 7: memory tools,  hooks, classifiers.  Opus 5.5 still 

produced A through K in the attached record because those tools are optional in a zip-upload chat and 

because classifiers today gate harm, not invented function names. SpaceXAI is closest to a thought-state 

that can persist (the encrypted blob) and farthest from a published hook that is fail-closed. Grok 4.7 will  

repeat A whenever the blob and the repo are missing. Google is closest to priority 9 and 11 (Gemma 
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kernels, Omni). A better kernel does not inject last week's decision. Meta's 17 billion active collapse and 

Scout's claimed 10 million window help capacity, not discipline. Microsoft's orchestrator is the closest 

commercial picture of priorities 2, 3, and 8: route the task, pick a mid-size specialist, keep a coding model 

off the protected file. A solo developer can copy that idea with hooks and CI without waiting for Copilot.

The ten-year conclusion for this developer's classes is therefore the opposite of wait for Grok 5 or Opus 6. 

The classes  are  serving and memory problems around a  decoder-only  net.  The net  will  get  cheaper 

attention and cheaper experts. The mistakes will continue until decision memory is mandatory, tools are  

required before claims, protected files are fail-closed, and both editions plus the docs are swept by a 

check that  can block a ship.  Those are architectural  improvements.  Most of them do not live in the 

residual stream.

14.7 A note on the attached record as evidence

The incident log is a primary source for this chapter. It is not a laboratory model card. It records what one 

developer's assistant sessions did over several months of 2026. The pattern counts are lower bounds. The 

log says the true total is higher. This report does not treat the record as a benchmark of Opus 5.5 versus  

Grok 4.7 quality. It treats the record as a map from product surfaces to the architecture already described 

in Sections 3 through 9.

15. What should be working by 2031 and by 2041

Why this section matters to the thesis. These tests are dated milestones. Under accelerated development 

they should be met earlier than stated; if they are met on time or late, that is evidence against sustained  

acceleration (Section 22.5).

This chapter is the point of the report. The 2026 stack is a decoder-only generator wrapped in a product  

loop. The 2036 stack should still generate tokens. It should no longer be allowed to guess a cause, drop a 

pinned rule, edit a protected file, or swallow a paid side effect. The hopes below are acceptance tests. A  

laboratory that ships a larger net without passing them has not done the work this report is asking for.

15.1 Ten acceptance tests

H1. Cross-session memory is queried before any claim about an app, a log, or a listing. Pass: pattern A  

becomes rare on a 100-session log compiled the same way as the Section 14 log. Fail: a one million or ten 

million token window that is not searched.
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H2. No causal sentence without a retrieved span. Pass: pattern C becomes a blocked tool error, not a  

fluent guess. Fail: always-on thinking that names a root cause before Read(log) returns.

H3. Writes are scoped and dual-edition. Pass: patterns B and D fail a check before the user sees them.  

Fail: an agent that patches one edition and calls the work done.

H4. Paid side effects are typed. Pass: empty catch and unenforced budget cannot ship. Pattern I is gone.  

Fail: four-bit experts sold as the fix for a swallowed Grok Imagine error.

H5. Compaction cannot evict pinned rules. Pass: standing preferences (K) and definitions (J) survive a 

one million token job and five compact rounds. Fail:  a summary that drops a never-touch rule for a  

protected file.

H6. Exact workspace edit with proof of zero leftovers. Pass: pattern F is gone. Fail: attention that almost 

found the second string.

H7. A learned memory module that beats files on agent loops without silent drift. FORECAST. Keep files 

as source of truth until a flagship card ships this and publishes a forget-curve. Pass: users can see and 

revert what the model stored. Fail: a hidden state that cannot be audited.

H8.  Ten  times  cheaper  long-context  decode  than  2026  FP8 full  attention,  at  equal  or  better  needle  

retrieval. This is the attention-research test. Pass: a solo developer can keep two editions and a week of  

logs loaded every day. Fail: a headline window that costs too much to use.

H9. An open replica of a frontier block still exists, so architecture claims can be checked. Pass: a 2036 

DeepSeek-class or Llama-class report still states active parameters, expert counts, attention family, and 

bits per tensor class. Fail: five unpublished nets and a press cycle.

H10. Humans still gate paid paths and store signing. This is not a model hope. It is a requirement. Pass: a  

protected-file hook and a spend cap exist in the default agent graph. Fail: a more helpful model that 

spends first and asks later.

15.2 What 2036 should look like in a working system

A frontier coding agent in 2036 should start  a session by retrieving typed memory: iron rules,  open  

defects, edition map, spend cap. It should refuse to diagnose until logs and source are in the tape. It  

should patch both editions or refuse to finish. It should run the paid path on a fixture before a real call. It  

should list every changed file. It should spend extra decode on tests and a second-model diff, not on a 
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longer guess. It should compact logs and keep pinned rules. It should show the user what it stored and let 

the user delete it.

That system is mostly serving architecture plus a cheaper attention kernel plus, if the science holds, a test-

time memory module. It is not a 10 trillion parameter dense chat model that still guesses, still drops an 

earlier fix, and still ships an empty catch.

15.3 Lab paths that could get there

Anthropic is the closest lab to H2, H5, and H10 if retrieve-first and fail-closed hooks become default  

rather than optional. The unpublished net is a risk only if the field treats Claude as a block diagram. It is  

not one.

SpaceXAI is the closest lab to intra-session thought state and to a harness that already knows Grok Build.  

The 2036 hope is that the encrypted blob carries user decisions, not only model scratch, and that hooks 

fail closed by default. Scale talk without those gates repeats class A at 2.5 trillion parameters.

Google is the closest lab to H7 as science (Titans, Nested Learning, Hope) and to H8 as product kernels in 

Gemma. The 2036 hope is a Gemini SKU with inspectable continuum memory, not only a larger Deep  

Think budget.

Meta is the closest lab to H9. Seventeen billion active parameters over a large expert pool is the open  

instrument. The 2036 hope is an open Hope-class or V4-class memory and sparse stack that other labs 

cannot hide.

Microsoft is the closest lab to a default graph of coder, reviewer, and linter rather than one omni chat.  

That graph is how H2, H3, and H4 ship in a product people already open every day.

15.4 The one-sentence bet

By 2036 the residual decoder will still be generating tokens. The architecture that mattered will be the 

memory that those tokens are required to read, the tools they are required to call,  the files they are  

forbidden to touch, and the checks that extra compute is required to run. Bigger hidden layers without 

those gates will repeat September 2026.

16. How architectures evolved from 2021 to 2026
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Why this section matters to the thesis. This section is the historical record against which acceleration is 

measured. Over the five-year arc, product windows grew about five hundredfold, and new top-tier Claude 

releases rose from one in 2024 to seven in the first nine months of 2026 (The case, Evidence 6).

The mathematics. The compute and scaling-law equations behind the 2021–2026 arc are in Section 23.7.

Figure 15. The scaling law. The surface is loss (N, D) = E + A/N^α + B/D^β across parameters N and trainingℒ  

tokens D on logarithmic axes, using a widely cited published fit from the pre-2025 literature (E = 1.69, A = 406.4, B 

= 410.7, α = 0.34, β = 0.28; historical baseline, used here to show the shape). The red line follows the historical  

compute-optimal  ratio  of  about  20  tokens  per  parameter.  Loss  falls  steadily  with  both,  with  diminishing  but 

continuing returns: the mathematical reason scale kept paying from 2021 to 2026 (Section 23.7).ℒ(N, D) = E + A / N^α + B / D^β
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Reading Figure 15 with the text, the mathematics, and the code. The text says scale kept paying from 

2021 to 2026. This equation, plotted in the figure, is why: loss falls with both parameters and data. Code  

example 10 shows the data side in miniature, with loss falling from 1.95 to 0.77 as the model trains on  

more passes over its corpus.

This chapter is history, not forecast.  It  starts where the decoder-only chassis was already the default  

product and ends on 24 September 2026. Pre-2025 papers are not entered in the bibliography. Dates and 

product  facts  that  later  2025–2026  cards  and  blogs  still  treat  as  background  are  stated  as  historical 

baseline. Where a 2025 or 2026 source restates the change, that source is cited.

16.1 2021–2022. Dense decoder-only, short windows, the product loop appears

Concrete  starting  point,  2021.  The  model  a  developer  actually  called  was  a  dense  decoder-only 

transformer. Every token ran every feed-forward weight. Multi-head attention stored a full key and value  

per head. Position was a vector added at the input (learned or sinusoidal in many stacks; rotary encodings 

were  already  spreading).  Context  was  about  2,000  tokens.  There  was  no  product  memory  file,  no 

compaction job, no effort slider, and no mixture-of-experts layer in the chat products people paid for. 

Switch-style mixture-of-experts existed in research. It was not the 2021 chat chassis.

Concrete  change,  2022.  The  net  stayed  dense  and  causal.  What  changed  was  the  loop  around  it.  

Instruction-following and preference training after pretrain became the way a base model turned into a 

product.  Compute-optimal  scaling  arguments  changed  how  many  tokens  labs  spent  per  parameter. 

Multimodal research often froze a language decoder and bolted on a resampler or encoder; the chat API 

people  typed  into  remained  decoder-only.  Encoder-decoder  stacks  stayed  in  translation  and  some 

captioning. They lost the chat slot. That loss is the first architectural fork this report treats as finished  

business.

16.2 2023. Open weights, cheaper caches, mixture of experts as a product idea

Concrete changes, 2023. Open decoder-only weights made the block inspectable: RMSNorm instead of 

LayerNorm, SwiGLU instead of a plain ReLU feed-forward, rotary position embeddings instead of added 

sinusoids, and grouped-query attention in the larger open models so several query heads shared one key-

value head. That last change is the first cache cut that still sits under 2026 products. Context moved from 

4,000 toward 8,000 and 32,000 tokens, then jumped again in closed products toward 100,000. Mixtral-

class  sparse  mixture-of-experts  showed  a  product-quality  model  could  hold  tens  of  billions  of  total 

weights and activate about 13 billion per token by routing each token to 2 of 8 experts. Sliding-window 

attention in smaller open models showed you could advertise a long window without paying full dense  
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attention on every layer. The residual stream and the causal mask did not change. Decoder-only remained 

the chassis.

16.3 2024. Long context as a product, the last great dense flagship, test-time 

reasoning

Concrete changes, 2024. Gemini 1.5 ran a one million token context as a product fact and tested further in  

research. That is a serving and systems fact first: a million-token prefix can be prefilled and decoded. It  

did not come with a public kernel paper for the closed net. The same year, the last widely documented  

dense flagship at the top of an open family reached 405 billion parameters and 128,000 tokens, with 

grouped-query attention and scaled rotary positions. Every feed-forward weight still fired on every token. 

That generation is the dense end of the line this report uses as a baseline. Multi-head latent attention 

appeared in open reports as a different cache cut: store a latent code instead of full per-head keys and  

values. Native multimodal tokens (image and audio in the same decoder) replaced the bolted-on captioner 

in several products. Test-time reasoning left the lab: extra generated tokens, hidden or visible, bought a  

better answer without a new pretrain. That is the direct ancestor of 2026 effort sliders on Opus 5.5, Grok 

4.7, Gemini Deep Think, and MAI-Thinking-1.

16.4 2025. Mixture of experts becomes the open default, thinking becomes a knob, 

memory research restarts

Concrete change, 5 April 2025. Meta published Llama 4 and said the herd used mixture-of-experts for the 

first time in Llama. Scout: 17 billion active, 109 billion total, 16 experts. Maverick: 17 billion active, 400 

billion total, 128 routed experts plus one shared expert; each token hits the shared expert and one routed 

expert. Context claims: 10 million tokens for Scout, 1 million for Maverick. Position: iRoPE, meaning 

rotary embeddings with NoPE every fourth layer and chunked attention (Meta 2025). Compare that to the 

2024 dense 405 billion model in the same family line. Active parameters fell from 405 billion to 17 

billion. Total parameters stayed in the same order of magnitude for Maverick. Decode cost followed the 

active number, not the total. That single generation is the cleanest published example of the 2021–2026 

bet: keep the decoder, collapse active compute, grow capacity in idle experts.

Concrete change, memory research. Titans (Google Research, 2025) added a neural long-term memory 

module that learns to memorize at test time and combines with attention, with needle-in-haystack results  

past two million tokens (Behrouz, Zhong, and Mirrokni 2025). Nested Learning and Hope (November 

2025) added a Continuum Memory System that updates at many timescales (Behrouz et al. 2025). Those 

are research nets, on the order of one billion parameters in the Hope prototype. They are not Gemini 3. 
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Thinking traces and effort  knobs became ordinary product  surfaces.  FP8 mixed pretrain and four-bit 

expert serving moved from slides into open reports. DeepSeek-class models in this period already used 

multi-head latent attention and fine-grained mixture-of-experts. That stack is what V4 later compressed.

16.5 2026. The stack on 24 September, named

Claude Opus 5.5, 22 September 2026. PUBLISHED product facts: 1,000,000 token input, 128,000 token 

output, adaptive thinking always on, effort low through max, compaction of old turns, a memory tool that  

writes client-side files,  preserved thinking as an anti-distillation measure (Anthropic 2026b).  What is  

UNKNOWN: layer count, dense versus mixture-of-experts, expert count, hidden size, attention family,  

training precision. The documented evolution on the Anthropic side is the serving loop, not a published 

block.

Grok 4.7, 21 September 2026. DISCLOSED product facts: 500,000 token context, text and image in, text 

out, reasoning low through extra-high, encrypted reasoning content the client must send back so hidden 

thoughts persist  across turns, Grok Build harness (xAI 2026b, 2026c). Parameter totals circulating in 

press are FOUNDER or press-associated, not a technical report. Architecture of the net: UNKNOWN. 

The documented evolution on the SpaceXAI side is harness plus thought-state plumbing plus scale talk.

Open and first-party cards that do publish a block. DeepSeek-V4-Pro: 1.6 trillion total, 49 billion active, 1 

shared  plus  384  routed  experts,  top-6,  61  layers,  hybrid  compressed  sparse  attention  and  heavily 

compressed attention, 1,000,000 token context, 27 percent of V3.2 single-token FLOPs and 10 percent of 

the  key-value  cache  at  one  million  tokens,  FP8  pretrain,  FP4  experts  after  post-train  (DeepSeek-AI 

2026a). DeepSeek-V4-Flash: 284 billion total, 13 billion active. Llama 4 remains the Meta card above.  

Microsoft MAI-Thinking-1: 35 billion active sparse mixture-of-experts, about 1 trillion total in secondary 

writeups,  256,000 token window, adaptive chain of  thought,  trained from scratch (Microsoft  2026a). 

Gemini  3 Pro card:  sparse mixture-of-experts  transformer,  native multimodal,  1,000,000 token input, 

Deep  Think  optional  (DeepMind  2025/2026).  Gemini  parameter  counts  in  third-party  tables  stay 

UNKNOWN.

What this five-year arc did not change. A new session is still a new prefill. Weights still do not store last  

week's fix. Compaction still drops details. Thinking tokens can still name a cause before a log is read. 

Two editions of one app are still  two prefixes.  Empty catch still  compiles.  Section 14 records those 

failures on Claude after Opus 5.5 shipped. That is the foundation for the two forecast timeframes: they 

have to retire failures the 2021–2026 evolution left on the table.

16.6 Concrete replacements: what block replaced what
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The 2021–2026 evolution is easiest to see as a list of substitutions. Each line is a block or a product object  

that was standard at the start of the period and the object that had replaced it in published or disclosed  

systems by September 2026. This list is the foundation for the forecasts in Sections 17 and 18. If a 2031 

claim does not continue one of these substitutions, or retire a failure that these substitutions left open, it is  

not a continuation of the actual arc.

16.6.1 Attention and the cache

2021 default: multi-head attention. Every head stores its own keys and values. Cache bytes grow with 

heads times layers times sequence length. 2023 replacement in open models: grouped-query attention. 

Eight or more query heads share one key-value head. Cache falls by that grouping factor. 2024–2025 

replacement in open reports: multi-head latent attention. Store a low-rank latent per token instead of full 

per-head keys and values. 2026 replacement in DeepSeek-V4: compressed sparse attention plus heavily 

compressed attention. Tokens are pooled along the sequence, an indexer picks top blocks, a coarse view 

keeps global coverage. At one million tokens V4-Pro reports 10 percent of the V3.2 cache and 27 percent  

of the FLOPs (DeepSeek-AI 2026a). Closed Claude and Grok attention families stay UNKNOWN. The 

documented  direction  is  the  same:  keep  exact  recall  somewhere,  stop  paying  full  dense  attention 

everywhere.

Worked example.  A 2021-style  cache at  2,000 tokens and 32 heads is  the unit  cost.  Grouped-query 

attention with 8 groups cuts the cache about 4 times at the same sequence length. Moving the sequence 

length from 2,000 to 128,000 multiplies the cache by 64, which is why 2023–2024 models needed GQA 

or latent attention just to stand still. Moving again to 1,000,000 multiplies by another 7.8. V4's reported 

10 percent cache versus V3.2 at one million tokens is the published attempt to pay that bill. A 2031  

forecast that says 10 million tokens without a compression story is not following this substitution. It is  

ignoring it.

16.6.2 Feed-forward layers and sparsity

2021 default: one dense multilayer perceptron per layer, every token, every weight. Activation moved 

from ReLU-class to SwiGLU or GeGLU, which is a feature-wise gate inside the layer, not a time gate.  

2023 replacement: sparse mixture-of-experts as a product-quality feed-forward. Mixtral-class routing sent 

each token to 2 of 8 experts and activated about 13 billion of about 47 billion weights. 2025 replacement: 

Llama 4 Maverick sends each token to one shared expert plus one of 128 routed experts and activates 17  

billion of 400 billion weights (Meta 2025). 2026 replacement: DeepSeek-V4-Pro activates 49 billion of  

1.6  trillion  with  1  shared  plus  384  routed,  top-6  (DeepSeek-AI  2026a).  Microsoft  MAI-Thinking-1 
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activates 35 billion of a roughly 1 trillion pool (Microsoft 2026a). The substitution is stable: grow total  

capacity in idle experts, keep active parameters in a band a single machine or a small pod can decode.

Worked example. Llama 3.1-class dense 405 billion, 2024, activates 405 billion weights per token. Llama 

4 Maverick, 2025, activates 17 billion. That is about 4 percent of the dense flagship's active compute at  

decode, with total parameters in the same order of magnitude. DeepSeek-V4-Pro's active fraction is 49 / 

1600,  about  3  percent.  Those  two  fractions,  published  one  year  apart,  are  the  empirical  basis  for 

forecasting that 2026–2031 interactive SKUs stay in a 5 to 50 billion active band even if totals go to  

several trillion. A forecast that says the chat model will go dense again at a trillion-plus active weights is  

betting against every published substitution of this period.

16.6.3 Position and window

2021 default:  added position vectors,  windows near  2,000 tokens.  2023 replacement:  rotary  position 

embeddings as the open default, windows at 4,000 to 32,000, with scaling tricks to push further. 2024 

replacement: 128,000 as a common open and closed window; 1,000,000 as a Gemini 1.5 product claim. 

2025 replacement:  Llama 4 iRoPE,  NoPE every fourth layer,  chunked attention,  Scout  advertised at 

10,000,000  (Meta  2025).  2026  product  windows:  Claude  Opus  5.5  at  1,000,000,  Gemini  3  Pro  at 

1,000,000, Grok 4.7 at 500,000, MAI-Thinking-1 at 256,000. The substitution is: stop adding a short 

absolute vector, use a rotation or a hybrid that stretches, then treat the window as a serving problem as  

much as a kernel problem. Quality at the new length lagged the advertisement. That lag is why Section 14 

still records history-blind sessions on a 1,000,000 token model.

16.6.4 Test-time compute

2021  default:  one  forward  decode  path.  Beam search  and  sampling  existed.  They  were  not  sold  as 

reasoning. 2024 replacement: extra generated tokens used as thought, sometimes hidden from the user, 

bought  a  better  answer on hard items.  2025–2026 replacement:  a  user-visible  effort  knob.  Opus 5.5 

adaptive  thinking  is  always  on,  steered  by  effort.  Grok  4.7  exposes  low,  medium,  high,  extra-high. 

Gemini  exposes  Deep  Think.  MAI-Thinking-1  uses  adaptive  chain  of  thought.  The  substitution  is: 

pretrain buys a prior; inference buys a trace. What this substitution did not add is a rule that the trace must 

call a tool before it names a cause. That missing rule is pattern C in Section 14 and Track 2 in Timeframe 

1.

16.6.5 Memory outside the weights

2021 default: the only memories were weights (trained offline) and the key-value cache (this prompt).  

2023–2024 replacement: retrieval-augmented generation as a product pattern. The net did not store the 
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corpus. A retriever stuffed passages into the window. 2025–2026 replacement: compaction, memory files, 

Projects, encrypted thought blobs, thought signatures. Anthropic documents compaction and a memory 

tool that writes under a memories directory (Anthropic 2025b, 2026). Grok 4.7 documents encrypted 

reasoning  content  the  client  must  send  back  (xAI  2026c).  These  are  product  forget  and  remember 

operators wrapped around a frozen net. Titans and Hope, 2025, are the research attempt to put a learnable  

memory back inside the net (Behrouz et al. 2025). They had not shipped as a Gemini, Claude, or Grok  

card by 24 September 2026. The substitution the products actually made is: when the window overflows,  

summarize or file, do not update weights.

16.6.6 Precision

2021 default:  FP16 or  BF16 weights  in  the models  people  ran.  2024–2025 replacement:  FP8 mixed 

pretrain in open reports. 2026 replacement: routed experts at inference in FP4, MXFP4, or NVFP4, with  

attention, routers, and norms kept wider (DeepSeek-AI 2026a; NVIDIA 2026). The substitution is not a 

new block. It is a serving choice that makes a 49 billion active expert stack cheaper than the same stack in  

BF16. A 2031 forecast may push two-bit experts where a quality floor is published. It should not claim 

that four-bit math searches last week's chat.

16.6.7 What stayed put, on purpose

Causal next-token training stayed. The residual stream stayed. Decoder-only as the chat chassis stayed.  

Cross-attention from an encoder stack did not return in the text core of Claude, Grok, Gemini chat, Llama 

4, or DeepSeek-V4. LSTM-style time gates did not return as the chat core. Those constants are why this 

report forecasts 2026–2041 as evolution around a generator, not as a revival of 2015 recurrence. The  

failures in Section 14 sit in the objects that did change (window, thinking, compaction, tools) and in the 

objects that did not (no durable cross-session weights, no evidence gate, no edition graph).

16.7 Why this list is the foundation for 2026–2041

Timeframe 1 continues substitutions that already have a 2026 published example: cache compression 

(V4), active-parameter collapse (Llama 4, V4, MAI), effort knobs (Opus, Grok, Gemini, MAI), product 

memory files (Anthropic, xAI), four-bit experts (V4, NVIDIA). It asks those substitutions to become 

default and mandatory where they are now optional. Timeframe 2 continues the one substitution that 

2021–2026 only published as research: a memory module inside the net that learns at test time (Titans,  

Hope). It also asks for quality measurement at the windows 2024–2026 already advertised. A forecast that 

ignores this list and jumps to a new slogan is not a continuation of the planned evolution. It is a reset.

16.8 Worked table: named systems, 2021–2026
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Each row is a real design change. Pre-2025 rows are historical baseline named so the substitution is  

concrete.  Citations  in  the  bibliography  remain  2025–2026  sources  that  restated  or  superseded  those 

systems. Closed internals stay UNKNOWN.

Year System Block change Total / active Context Unlocked Left unsolved
2021 Dense GPT-3-class 

chat
Decoder-only, 
MHA, dense FFN

175B / 175B dense ~2K The chassis 2026 
still uses

Long context, 
cheap scale, 
memory

2021 Switch 
Transformer 
(research)

Top-1 expert FFN Trillion-class 
sparse

short Total can grow 
without active 1:1

Not a 2021 chat 
product

2022 Instruct / ChatGPT 
loop

SFT + preference 
train around the net

dense ~4K Base LM becomes 
a product

No new layer; no 
memory store

2023 Llama 2 / Mistral 
recipe

RoPE, SwiGLU, 
RMSNorm, GQA, 
SWA

7–70B dense 4K–32K Open block still 
used in 2026

Still dense active 
cost

2023 Claude 2 100K product 
window

UNKNOWN 100K Context as a 
product feature

Quality at length; 
no session index

2023 Dec Mixtral 8x7B 8 experts, top-2 ~47B / ~13B 32K 70B-class quality at 
13B decode

No user memory; 
routing ≠ history

2024 Feb Gemini 1.5 Pro DISCLOSED 
sparse MoE + 1M 
window

UNKNOWN 1M prod / 10M 
research

Million-token 
product

Needle ≠ search of 
last month

2024 Mar Grok-1 weights 8-expert MoE, 
~25% active

314B / ~79B 8K Only fully 
published xAI 
kernel

Do not copy onto 
Grok 4.7

2024 May DeepSeek-V2 MLA KV 
compression + fine 
MoE

236B / 21B 128K Long context 
becomes payable

Still next-token 
guesses

2024 Jul Llama 3.1 405B Last great dense 
open flagship, 
GQA

405B / 405B 128K Public dense recipe Too expensive to 
scale further

2024 Sep o1-class products Hidden extra 
decode as a knob

UNKNOWN product windows Test-time compute 
axis

Thoughts ≠ 
observations

2024 Dec DeepSeek-V3 MLA + fine MoE + 
shared expert

671B / 37B 128K Open blueprint labs 
copy

No evidence gate

2025 Apr Llama 4 Maverick First Llama MoE; 
iRoPE; shared+1

400B / 17B 1M Active collapse to 
17B

Behemoth not 
released

2025 Apr Llama 4 Scout 16 experts; 10M 
claim

109B / 17B 10M claim Open long-context 
MoE

Claim ≠ measured 
quality

2025 Nov Titans / Hope Test-time neural 
memory; CMS

~1.3B Hope proto 2M+ needles Research path for 
in-net memory

Not a Gemini SKU

2025 Nov Gemini 3 Pro card Sparse MoE, native 
Omni, Deep Think

UNKNOWN 1M / 64K out Google 2026 
template

Param counts 
UNKNOWN

2026 Apr DeepSeek-V4-Pro CSA+HCA, mHC, 
FP4 experts

1.6T / 49B 1M 27% FLOPs, 10% 
KV vs V3.2

Open kernel, not 
Claude/Grok

2026 Jun MAI-Thinking-1 Own sparse MoE + 
adaptive CoT

~1T / 35B 256K First-party 
Microsoft net

Orchestration still 
the bet

2026 Sep 21 Grok 4.7 Thought blob + 
effort + compaction

UNKNOWN 500K Intra-session state 
plumbing

Kernel 
UNKNOWN; class 
A open

2026 Sep 22 Claude Opus 5.5 Always-on 
thinking, 1M, 
memory tool

UNKNOWN 1M / 128K out Control plane 
around unpublished 
net

A–K still in 24 Sep 
log

Read the table left to right as substitutions, not as a scoreboard. The 2026 closed flagships are in the last  

two rows because their products changed. Their nets did not become public. That is why DeepSeek-V4-

Pro and Llama 4 are the foundation for any sentence in this report that names an expert count or an  

attention family.

16.9 Four worked examples the forecasts extend

Example A. Attention, 2021 to 2026
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2021 multi-head attention stores a full key and value per head. 2023 grouped-query attention shares those 

keys and values across query groups, which is why Llama 2-class 70B models and Mistral-class 7B  

models could raise the window without a 32-head cache. 2024 multi-head latent attention in DeepSeek-

V2 and V3 stores a latent code instead of per-head keys and values; V2 reported a large cut in cache bytes 

and a multiple of generation throughput versus their prior dense 67B. 2025 Llama 4 iRoPE interleaves 

NoPE  every  fourth  layer  with  chunked  rotary  layers  (Meta  2025).  2026  DeepSeek-V4  interleaves 

compressed  sparse  attention,  which  pools  about  four  tokens  then  selects  top  blocks,  with  heavily 

compressed attention for a coarse global view. At one million tokens V4-Pro reports 27 percent of V3.2 

FLOPs and 10 percent of the V3.2 cache (DeepSeek-AI 2026a). Same job: score past tokens. Cost and  

what  is  forgotten  changed.  Timeframe  1  continues  Example  A  as  cheaper  million-token  decode. 

Timeframe 2 replaces attention only if a hybrid memory block wins a forget-curve and a needle eval 

together.

Example B. Feed-forward, 2021 to 2026

2021 dense SwiGLU or GELU multilayer perceptron. Every parameter fires. 2021 Switch proved top-1 

expert routing at research scale. 2023 Mixtral 8 experts, top-2, about 47 billion stored and 13 billion  

active. 2025 Llama 4 Maverick 128 routed experts plus one shared, one routed expert per token, 17 billion 

active of 400 billion (Meta 2025). 2026 DeepSeek-V4-Pro 384 routed plus one shared, top-6, 49 billion 

active of 1.6 trillion (DeepSeek-AI 2026a). Microsoft MAI-Thinking-1 activates 35 billion (Microsoft 

2026a). Same job: nonlinear mix in the residual stream. The gate moved from an LSTM-style time gate to  

a router over experts.  Timeframe 1 continues Example B: more experts,  better load balance, four-bit 

expert serving, active params still in a 5 to 50 billion interactive band. Timeframe 2 does not revive a 

dense trillion-active chat core unless a published kernel beats those fractions.

Example C. Memory, 2021 to 2026

2021 memory is weights plus a 2,000 token cache. 2023 Claude 2 puts 100,000 tokens in the cache and 

sells that as the product. 2024 Gemini 1.5 puts 1,000,000 tokens in the cache. 2025 products add files,  

Projects, and memory tools; Titans writes a surprise-gated memory at test time in a paper, not in a Gemini 

SKU. 2026 Opus 5.5 ships compaction plus a memory tool; Grok 4.7 ships an encrypted thought blob 

plus compaction. Compaction Cliff, August 2026, measured safety-rule survival across compact rounds 

on a Claude Code stack and saw a drop from about half after one round to about a tenth after five.  

Memory left the weights. It has not become reliable state. Timeframe 1 continues Example C as typed  

files  and retrieve-first.  Timeframe 2  is  whether  Example  C moves  back into  the  net  (Hope,  Titans)  

without breaking pin-bits.
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Example D. Compute allocation, 2021 to 2026

2021 one forward pass. 2022 preference training changes the distribution and is still one pass. 2024 o1-

class products spend thousands of hidden tokens before the visible answer. 2025 DeepSeek-R1 shows 

reinforcement on a frozen open MoE can elicit that trace. 2026 effort sliders: Opus 5.5 adaptive thinking 

always on, Grok 4.7 low through extra-high, Gemini Deep Think, MAI adaptive chain of thought. Extra  

FLOPs are now an architectural knob. They still do not require a log read before a diagnosis. That is class  

C in the 24 September 2026 log, two days after Opus 5.5. Timeframe 1 continues Example D by spending 

those extra tokens on tools and checks. Timeframe 2 is a learned controller with a dollar cap.

Every forecast sentence in Sections 17 and 18 is an extension of Examples A through D. There is no 

published evidence the field is  replacing next-token decoders.  The planned evolution is  to  put  gates 

around them: cheaper  attention (A),  sparse feed-forward (B),  memory that  actually  persists  (C),  and 

decode that buys observations (D).

Figure 0. Four eras, 2021–2041

Figure 0. Documented era first. Two forecast timeframes after the snapshot date. 2026–2031 is serving 

architecture  and  cheaper  kernels.  2031–2041  is  learned  memory,  quality  at  extreme  context,  and  a 
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possible chassis change. The 2036–2041 band is the most speculative. No laboratory has published that 

band as a plan. t* = Δ / a   (constant acceleration)t* = (1/k) · ln(1 + kΔ/a )   (compounding acceleration)₀

Reading Figure 0 with the text, the mathematics, and the code. The text divides the future into two 

timeframes of five and ten years. Those lengths assume research moves at its historical pace, a = 1. The  

first equation shows that at the measured factor a ≈ 1.5 the same work takes Δ/1.5 calendar years; the  

second covers a factor that  itself  grows. Figure 20 plots the second equation, and Code example 13 

computes both, placing the end of the 2026–2041 forecast at 2036.0 for a steady 1.5 and at 2031.2 if the 

factor doubles every three years (Sections 22.3 and 23.13).

17. Forecast timeframe 1: 2026–2031

Why this section matters to the thesis. If the 2026 acceleration estimate of about 1.5 times holds, the 

progress forecast for this five-year window completes in roughly three and a third calendar years. Section 

22.3 gives the adjusted dates for each scenario.

This  timeframe should  finish  the  work that  2026 products  already made possible  and did  not  make 

mandatory. The chassis stays decoder-only. The change is the loop around the chassis and the cost of the 

window.

17.1 What should ship

Typed memory outside the residual stream. Decision records, iron rules, edition maps, and spend caps 

that compaction cannot summarize away. Session start retrieves them before the first diagnostic sentence. 

Anthropic memory tools and Grok thought blobs are the 2026 prototypes. The 2031 test is that they are  

mandatory and typed, not optional prose files.

Tool-gated claims. A serving rule, close to a classifier, that blocks a root-cause sentence until a Read of 

logs or source has returned. Adaptive thinking remains. It fires after the observation, not instead of it.

Fail-closed write scope. PreToolUse hooks on protected files and paid paths. Dual-edition patch tools that  

refuse to finish if only one tree changed. Claude Code and Grok Build hooks exist in 2026 and can fail  

open. By 2031 they should fail closed in the default agent.
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Compressed attention as the default kernel. DeepSeek-V4 already publishes the shape: compress along 

the sequence, index the compressed blocks, keep a coarse global view (DeepSeek-AI 2026a). The 2031 

test is that a million-token repo plus a week of logs is cheap enough to keep loaded every day, and that a  

sweep tool still runs because attention is not grep.

Verifier FLOPs. Extra test-time compute buys tests, a live key probe, and a second model on the diff.  

Effort sliders that only lengthen a monologue fail this test.

Four-bit experts as default serving. Attention, routers, and norms stay wider. Interactive SKUs stay in a 5 

to 50 billion active-parameter band so a verifier loop is affordable on a workstation-class GPU.

17.2 What this timeframe will not finish

Weights that remember a customer. Titans and Hope will still be research or early product modules. Treat 

files as source of truth through 2031. Ten million token quality, not only a claimed window, is unlikely to 

be ordinary. World-model heads will  improve video products.  They will  not type a paid API. A 2.5  

trillion or 6 trillion total-parameter race, if it happens, is not the architecture test for this timeframe.

17.3 Pass tests for 2031

T1. On a 100-session developer log compiled like the Section 14 log, pattern A (history-blind) is rare 

when the agent is repo-native with typed memory injection.

T2. Pattern C (guess before evidence) is a blocked tool error in the default serving graph, not a fluent  

paragraph.

T3. Patterns B, D, and F fail CI or a hook before the user sees them.

T4. Pattern I cannot ship: empty catch is a build error; paid calls have a dry-run trace.

T5. One million token decode cost is a small fraction of 2025 full-attention cost at equal needle retrieval,  

following the V4 direction already published.

T6. An open report still states active parameters, expert counts, attention family, and bits per tensor class.

18. Forecast timeframe 2: 2031–2041

Why this section matters to the thesis. This is the window in which acceleration could become self-

sustaining, with models running most of the research loop (Section 21.6, Training change 7). Whether 
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that happens is the main uncertainty in any 2041 forecast, and Section 22 sets out the tests that will decide 

it.

This timeframe is longer and less constrained by 2026 cards. It is split the way the title asks: 2031–2036 

and 2036–2041. Label every sentence FORECAST.

18.1 2031–2036. Memory becomes a module, context becomes quality, 

personalization becomes reversible

If Titans, Nested Learning, and Hope were going to leave the lab, this is the window. The hoped-for  

object is an inspectable test-time memory module that updates while the user works, stores iron rules at a  

slow timescale and logs at a fast one, and can be dumped and reverted. Google Research is the published 

science path (Behrouz et al. 2025). No 2026 Gemini card ships it. Success is a flagship SKU with a 

forget-curve eval, not a blog post.

Ungrounded-cause classifiers should exist by the mid 2030s if Constitutional Classifiers++ is extended 

from harm to diagnosis (Anthropic 2026d as the 2026 ancestor). That is serving architecture becoming a 

trained policy.

Ten million token quality, not only a Scout-style claim, should be measured on incident logs and lost-in-

the-middle suites. Sparse and linear hybrid layers may eat some full-attention layers. Exact-recall layers  

should remain for identifiers and numbers. Continual personalization of one developer's terms should 

exist with an audit log. If it cannot be inspected, it fails.

18.2 2036–2041. Possible chassis change, still a generator, still a human gate

By 2041 the residual decoder may no longer be the whole chassis. The honest possibilities are a hybrid of  

attention for exact recall and a learned memory or linear mixer for the long tail; a world-model head that  

shares state with the language stack for agents that see and act; and a serving graph of specialists that  

looks more like Microsoft's 2026 orchestration bet than like one omni chat. None of those is published as 

a 2041 plan. All of them are compatible with next-token generation still being how language leaves the 

machine.

Not expected to be the main architecture story: a 10 trillion parameter dense chat model as the main story; 

LSTM revived as the chat core; weights that silently absorb a customer's business without a revert button;  

a window so large that retrieval-first is no longer required. Pattern A is not a token-budget problem. It is 

an index problem.
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Humans should still gate paid paths and store signing in 2041. That is H10 from Section 15. It is not  

conservatism about capability. It is the only published-quality response to the money already lost on silent  

paid-path failures in 2026.

18.3 Pass tests for 2041

T7. A production model updates typed memory at test time and publishes a forget-curve. Users can see 

and delete what it stored.

T8. Context-rot evals are as standard as the old short-context suites. Window size without quality is not a 

launch headline.

T9. Extra decode correlates with verifier pass rate. High-effort mode that still ships empty catch has failed 

the decade.

T10. An open Hope-class or V4-class stack still exists. Five unpublished nets and a press cycle is a failed 

field.

T11. A 100-session replay of an Iacoletti-class log shows at least an 80 percent drop in repeated classes 

versus September 2026, measured the same way the original log was compiled.

T12. Paid-path transactions and protected-file gates are still  on by default.  Capability growth did not  

remove them.

18.4 How the five labs sit on the two timeframes

Anthropic. Timeframe 1 is its home field: classifiers, compaction, memory tools, Claude Code hooks. 

Timeframe  2  depends  on  whether  retrieve-first  and  fail-closed  become  default,  and  whether  the 

unpublished net ever gets a card.

SpaceXAI. Timeframe 1 is harness and thought-state plumbing plus scale. Timeframe 2 is whether the 

encrypted blob starts carrying user decisions and whether hooks fail closed. Parameter-count talk without 

those gates is not an architecture plan.

Google. Timeframe 1 is sparse multimodal MoE and cheap kernels in Gemma. Timeframe 2 is the only 

major lab path to in-weight test-time memory if Titans and Hope leave the lab.

Meta. Timeframe 1 is the open instrument: 17 billion active over a large expert pool. Timeframe 2 is  

whether an open memory-plus-sparse stack exists for other people to measure.
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Microsoft. Timeframe 1 is the graph: coder, reviewer, linter, first-party 35 billion active reasoning model, 

custom silicon. Timeframe 2 is whether that graph, not one omni chat, is what people open every day.

18.5 The sentence that should still be true in 2041

The machine will still generate tokens. The architecture that mattered will be the memory those tokens are 

required to read, the tools they are required to call, the files they are forbidden to touch, and the checks 

that extra compute is required to run. That was the right bet in 2026. It is the right bet for both forecast 

timeframes.

19. SpaceXAI and Grok, collected in one place

Why this section matters to the thesis. SpaceXAI's disclosed path of larger bases, longer reinforcement 

learning, a custom training stack, and very large clusters is a bet on scale-driven acceleration. It publishes 

no measurement of AI-driven acceleration, so its evidence for the thesis is indirect.

Iacoletti Software calls Grok Imagine for video, uses Grok as a second model, and sells apps that sit on  

the same APIs. This chapter gathers every SpaceXAI or Grok fact this report is willing to stand on.  

Official 2026 pages brand the lab SpaceXAI and the site x.ai. Older pages and the 2024 open release say  

xAI. This chapter uses SpaceXAI for 2026 product docs and xAI for the 2024 Grok-1 release.

19.1 What is PUBLISHED about the net itself

The only SpaceXAI or xAI language model with a published block is Grok-1, released 17 March 2024 

under Apache 2.0. Historical baseline, not a 2025–2026 card: 314 billion parameter mixture-of-experts,  

25 percent of weights active on a given token (about 79 billion), trained from scratch, checkpoint from 

October 2023, not instruction-tuned, custom JAX and Rust stack (xAI 2024, cited here as baseline).  

Secondary writeups of that release describe 8 experts with 2 active, 64 layers, 48 query heads and 8 key-

value  heads,  8,192 token context,  RoPE,  SentencePiece  vocabulary.  Those  secondary details  are  not 

restated on a 2025–2026 SpaceXAI model card. Do not copy Grok-1's eight-expert layout onto Grok 4.6 

or 4.7.

No 2025 or 2026 SpaceXAI technical report publishes layer count, expert count, hidden size, attention 

family, or training precision for Grok 4.5, 4.6, or 4.7. Parameter totals circulating as 1.5 trillion or 2.1 

trillion are FOUNDER or press-associated. SpaceXAI's own Grok 4.7 launch post says only a new, larger  

base model compared to Grok 4.6 (SpaceXAI 2026b). That sentence is DISCLOSED. It is not a kernel 

paper.
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19.2 Grok 4.5, 4.6, and 4.7 as products

SKU Date Context Cutoff Effort Price under 
200k

Price 
at/above 200k

Label

grok-4.5 8 Jul 2026 500K not restated 
here

low / 
medium / high

$2 / $0.30 
cache / $6

$4 / $0.60 / 
$12

DISCLOSED 
docs

grok-4.6 12 Aug 2026 500K 1 Feb 2026 low / 
medium / high 
/ xhigh; 
default high

$2 / $0.50 / $6 $4 / $1 / $12 DISCLOSED 
announcement 
+ docs

grok-4.7 21 Sep 2026 500K May 2026 low / 
medium / high 
/ xhigh; 
default high

$2 / $0.50 / $6 $4 / $1 / $12 DISCLOSED 
announcement 
+ docs

Shared product facts on the 4.6 and 4.7 cards: text and image input, text output, no documented text 

output limit, tools for function calling, web search, X search, and code execution, Responses API and 

Chat Completions (SpaceXAI 2026c). A fast serving option exists at twice the output speed and twice the 

price. Availability: xAI API as grok-4.7, Grok Build as the coding-agent default, Cursor, OpenRouter,  

Vercel, Cloudflare. Grok 4.6 also shipped on Microsoft Foundry and Amazon Bedrock (SpaceXAI 2026).

What SpaceXAI says changed from 4.6 to 4.7 (DISCLOSED, 21 September 2026): a new larger base; a 

longer reinforcement-learning run on a harder mix weighted toward tasks that take many hours; better 

self-verification and longer-context management; native training on the Grok Bot harness so the model 

knows  that  multi-agent  scaffold  (SpaceXAI  2026b).  Reported  first-party  bench  moves  include 

CursorBench 4.0 from 40.4 percent on 4.6 to 46.3 percent on 4.7, and Terminal-Bench 4.0 from 20.3 

percent to the high 30s depending on the table version on the launch page. Those are vendor numbers.  

Treat them as DISCLOSED vendor evals, not as an architecture paper.

19.3 Serving architecture: the part SpaceXAI actually documented

Encrypted  reasoning  content.  On  the  Responses  API,  grok-4.7  always  returns 

reasoning.encrypted_content,  even  when  include  does  not  list  it,  together  with  encrypted  outputs  of 

server-side tools. Clients must pass those items back unchanged in the next request's input so hidden  

thoughts persist across turns. The blob is opaque. Do not parse it. Chat Completions has no field for the  

ciphertext (SpaceXAI Docs, Reasoning, 2026). This is intra-session state plumbing. It is not a cross-week 

search of Iacoletti chats. If the client drops the blob, the next turn is a new prefill of visible text only.

Context  compaction.  POST  /v1/responses/compact  shrinks  a  long  conversation  into  one  opaque 

compaction item that SpaceXAI says preserves system prompts, attached files, prior reasoning, and a  

compacted record of turns, while dropping verbose tool output. The item is stored by the caller and sent 

back unchanged. Compaction cannot rescue a request already over the 500,000 token limit. SpaceXAI 

tells  developers  to  compact  when input  tokens  are  hurting cost  or  latency and the  window still  fits 
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(SpaceXAI Docs, Context Compaction, 2026). This is the Grok-side forget gate. Same class as Anthropic 

compaction. Same risk as Compaction Cliff: iron rules can be summarized away unless they live outside 

the blob.

Prompt cache. SpaceXAI highly recommends prompt_cache_key on the Responses API, or the x-grok-

conv-id header on Chat Completions, so a conversation stays on one server and cache hits are reliable. 

Without it,  a follow-up often pays full input price on a cache-cold server. Cached input is $0.50 per 

million under 200,000 prompt tokens and $1.00 per million above that line on 4.7 (SpaceXAI 2026c). 

This is serving economics, not a memory module.

Reasoning  effort.  Low,  medium,  high  (default),  extra-high.  Usage  metrics  expose  reasoning_tokens. 

Extra-high is the vendor's maximum think budget. Example D in Section 16 applies directly: extra tokens 

are an architectural knob. They do not require a log read before a diagnosis. Iacoletti class C still happens 

on a high-effort call.

19.4 Grok Build, Grok Bot, hooks

Grok Build is the coding agent: TUI, headless, Agent Client Protocol. Default coding model is grok-4.7  

as of 21 September 2026. Config lives in ~/.grok/config.toml or .grok/config.toml in the repo. Hooks run  

scripts  on  tool  and  session  lifecycle  events,  discovered  from  ~/.grok/hooks/,  project  .grok/hooks/ 

(needs /hooks-trust), and plugins (SpaceXAI Docs, Build, 2026). Workflows orchestrate subagents and 

save as .grok/workflows/<name>.rhai. Background tasks, /loop scheduled prompts, and monitors exist.

Grok Bot is the multi-agent harness 4.7 was trained to understand natively. Sub-agent state, including 

intermediate reasoning and tool calls, is encrypted when use_encrypted_content is true. This is the closest  

SpaceXAI object to Microsoft's specialist graph. It is still a harness around an unpublished net. Hooks can 

fail open unless the project config denies the tool. That is why Section 14 still ranks fail-closed write  

scope as a 2026 action, not as something Grok 4.7 already finished.

19.5 Grok Imagine, the Iacoletti paid path

This is the SpaceXAI surface that has already cost this company money. Official Imagine video docs as of 

21 September 2026 (SpaceXAI Docs, Reference-to-Video and Video Generation):

grok-imagine-video-1.5 supports text-to-video, image-to-video, and reference-to-video. Text-to-video and 

image-to-video support native 1080p. Reference-to-video is capped at 720p. A maximum of 7 reference 

images per request. On 1.5, maximum duration is 15 seconds. Up to 3 optional preset voices by voice_id.  
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Up to 4 keyframes per request. First and last frame can be pinned on 1.5. Reference-to-video cannot be 

combined with video editing. Inputs may be HTTPS URLs, base64 data URIs, or Files API file_id values.

Those numbers are why invented plate counts and silent  catch blocks are architecture problems,  not  

prompt problems. The incident log records a code comment stating a reference-image cap that did not 

match the official docs. A 15-second referenced card is a guaranteed rejection if a prior session raised a 

duration cap above what Imagine accepts. An empty catch around a missing plate turns a paid run into  

text-to-video. Four-bit experts and a larger Grok 4.7 base do not inspect that catch. Track 2 and Track 5 of 

Timeframe 1 are the response: live preflight, typed paid path, no silent catch.

19.6 What SpaceXAI has not disclosed

UNKNOWN as of 24 September 2026: Grok 4.7 layer count, expert count, dense versus mixture-of-

experts, hidden size, attention family (GQA, MLA, CSA, other), training precision, serving precision, 

whether Imagine shares any backbone with grok-4.7, and whether Grok 4.8 or Grok 5 has a date and a 

card. FOUNDER talk of 2.1 trillion parameters or a 2.5 trillion Grok 4.8 is not a technical report. Do not  

put those numbers in a table next to DeepSeek-V4-Pro's 1.6 trillion / 49 billion.

Corporate structure notes in the press (xAI folded toward SpaceX) are not architecture. This report treats  

SpaceXAI as the 2026 product lab and does not build a training-cluster chapter on unverified warehouse  

counts.

19.7 How Grok sits on the two forecast timeframes

Timeframe  1,  2026–2031.  SpaceXAI's  published  path  is  harness  plus  thought-state  plus  scale  plus 

Imagine. The work that would actually cut Iacoletti rework: fail-closed Grok Build hooks; always send 

encrypted_content  back;  compact  only  after  iron  rules  are  pinned  in  a  file  the  blob  cannot  drop;  

prompt_cache_key on every multi-turn paid session; Imagine preflight that checks duration, plate count 

(max 7), and that references are attached before spend. None of that needs a new Grok kernel paper.

Timeframe  2,  2031–2041.  The  useful  SpaceXAI  bet  is  that  the  encrypted  blob  starts  carrying  user 

decisions, not only model scratch, and that Imagine grows a verifier that can see a missing plate. A multi-

trillion dense or sparse net that still drops an earlier fix is not a 2041 plan. If SpaceXAI ever publishes a  

V4-class kernel paper, this report will move Grok 4.x rows out of UNKNOWN. Until that card exists, 

compare Grok to Claude on product loops, not on expert counts.

19.8 Sources for this chapter
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SpaceXAI. 2026b. Introducing Grok 4.7. 21 September 2026. https://x.ai/news/grok-4-7

SpaceXAI. 2026c. Grok 4.7 docs. https://docs.x.ai/developers/grok-4-7

SpaceXAI  Docs.  Reasoning,  including  always-on  encrypted  content  for  grok-4.7. 

https://docs.x.ai/developers/model-capabilities/text/reasoning

SpaceXAI  Docs.  Context  Compaction.  https://docs.x.ai/developers/advanced-api-usage/context-

compaction

SpaceXAI  Docs.  Reference-to-Video  and  Video  Generation  for  grok-imagine-video-1.5. 

https://docs.x.ai/developers/model-capabilities/video/reference-to-video

SpaceXAI Docs. Grok Build settings, hooks, workflows. https://docs.x.ai/build/settings

SpaceXAI. 2026. Introducing Grok 4.6. 12 August 2026. https://x.ai/news/grok-4-6

xAI. 2024. Open Release of Grok-1. 17 March 2024. Historical baseline only. https://x.ai/blog/grok-os

19.9 Product line around 4.7, still no kernel

Grok 3 shipped 19 February 2025 with a Think mode and DeepSearch after Colossus-scale training. Grok 

4 shipped 9 July 2025 as a reasoning-first product. Grok 4 Heavy was DISCLOSED as more test-time 

compute by running parallel instances, not as a new published net. Grok 4.20 and grok-4.20-multi-agent 

(March 2026 docs) expose a multi-agent Responses path: 4 or 16 agents and a leader that synthesizes,  

with tools for web search, X search, code execution, and collections search. That is serving architecture. 

Some older 4.3 /  4.20 SKUs advertised 1,000,000 or 2,000,000 token windows at  lower prices.  The 

current flagship chat SKU, grok-4.7, is 500,000 tokens on the official page. Do not write 2,000,000 as the 

4.7 window.

Grok Code Fast 1 (28 August 2025) was described as built from scratch with a new model architecture.  

No diagram shipped. Grok Build 0.1 is a 256,000 token coding SKU that powers the CLI. Grok 4.7 Fast 

is DISCLOSED as the same 4.7 weights on faster infrastructure, at twice the rates, in Cursor and Grok 

Build only, not on the public API.

19.10 Grok Build memory, 16 September 2026

SpaceXAI announced Grok Build memory on 16 September 2026. After each turn a background job 

captures  conventions,  decisions,  and project  facts  into  markdown topic  files,  with  project  scope and 

global scope. Commands include /memory. The launch text says it does not store secrets, task state, or 
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facts the repo already documents (SpaceXAI 2026, Grok Build memory). This is the closest official Grok 

object to class A for repo work. It does not exist in a grok.com zip-upload chat. Iacoletti should treat it as 

the reason to move coding off  zips and onto Grok Build,  then pin iron rules in those topic files  so  

compaction cannot drop them.

19.11 Imagine plate counts, image versus video

Do not hard-code one plate number for all Imagine calls. Official image editing supports up to 5 source  

images.  Official  reference-to-video  on  grok-imagine-video-1.5  supports  a  maximum  of  7  reference 

images, 15 seconds, and 720p. Text-to-video and image-to-video on 1.5 can run native 1080p. Image edit  

is not video reference. The class E failure in the log was stating a reference cap without opening the live 

endpoint doc. Look up the current page before any comment or CANON.md line that states a plate cap.

19.12 Colossus

x.ai/colossus is the company page for the Memphis training cluster. The current marketing page cites on  

the order of 200,000 H100-class GPUs in one cluster and uses roadmap language toward one million 

GPUs.  That  is  DISCLOSED  cluster  intent.  It  is  the  SpaceXAI  bet  on  pretrain  scale  and  long 

asynchronous RL. It is not a layer table. Third-party gigawatt or tenant stories stay secondary. This report 

uses Colossus only as evidence that the lab's published path is scale plus harness, not a 2026 attention 

paper.

19.13 Iacoletti setup that follows from this chapter

Code in Grok Build with the repo, not a zip. AGENTS.md plus hooks that deny protected files and paid-

path  files.  Set  prompt_cache_key  on  every  thread.  Pass  reasoning.encrypted_content  back  on  the 

Responses  API.  Compact  only  after  DECISIONS.md  and  mistakes  files  are  pinned.  Start  effort  at 

medium; extra-high is not a log reader. Use Grok as a second-model reviewer of a Claude diff only when  

both see the same repo; do not let the second model rewrite the app. Imagine calls: read the live video or  

image doc, enforce the cap that page states, attach references, ban empty catch, cap spend in process. That  

is the Grok-specific form of Timeframe 1.

20. Anthropic and Claude, collected in one place

Why this section matters to the thesis. Anthropic is the source of most of the quantitative evidence for 

the thesis:  its Opus 5.5 system card contains the METR estimate, the capability index, the CoBench  

result, and the safeguards on frontier-LLM development (The case, Evidences 1 to 4).
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Iacoletti Software uses Claude Opus through claude.ai as its main coding assistant, uploads source zips to 

it, and sells apps that call the Claude API next to Grok Imagine and Gemini. This chapter gathers every 

Anthropic fact this report is willing to stand on, in the same shape as Section 19. Every sentence below 

carries  a  label.  PUBLISHED means an Anthropic  system card,  research page,  or  released developer 

documentation.  DISCLOSED  means  an  Anthropic  product  statement  or  vendor  evaluation  without 

internals. UNKNOWN means no Anthropic primary source opened for this revision states it. FORECAST 

means a claim about after 24 September 2026. Pages were opened on 24 September 2026. Developer and 

help pages carry no publication date, so they are cited with that access date.

20.1 What is PUBLISHED about the net itself

Nothing at the block level. The Claude Opus 5.5 system card (22 September 2026) describes training 

data,  post-training toward Claude's  constitution,  a  June 2026 knowledge cutoff,  and text-only output 

(PUBLISHED, Anthropic 2026e, Section 1.1). It does not state a layer count, expert count, hidden size, 

dense versus mixture-of-experts design, attention family, parameter count, training compute, or serving 

precision (UNKNOWN). The same card reports white-box analyses of model internals and uses activation 

probes as safeguards (PUBLISHED, Anthropic 2026e, Sections 3.2 and 6.6.1). That proves Anthropic 

reads the internals. It is not a diagram of them.

The only model-to-model structural fact Anthropic documents is about thought-state compatibility, not 

weights. Claude Opus 5.5 reads thinking blocks from Claude Opus 5 and earlier Opus, Sonnet, and Haiku  

models, but not from Fable or Mythos models. On the Claude API, Fable 5.1 and Mythos 5.1 read Opus  

5.5 thinking blocks and no other model does (PUBLISHED, Anthropic 2026f). This report does not infer 

shared weights from that. Whether Opus 5.5 shares a base with Fable 5.1 is UNKNOWN. The system 

card calls Opus 5.5 an upgrade to Claude Opus 5 (PUBLISHED, Anthropic 2026e, Executive Summary).

20.2 The product line, 2023 to 2026

Model IDs and lifecycle dates come from Anthropic's model deprecations page (PUBLISHED, Anthropic 

2026j) unless another source is named. Snapshot dates are the dates embedded in the API model ID. For 

2026 models without a dated ID, the table gives the "not sooner than" retirement floor; for Opus 5.5 that 

floor is exactly one year after the stated release date (PUBLISHED, Anthropic 2026g), and the release 

dates in the right-hand column are inferred on that basis unless a launch page is cited.

Generation API model IDs (snapshot 
date in ID)

Status on 24 Sep 2026 Release date and label

Claude 1 and Instant (2023) claude-1.0 to 1.3; claude-
instant-1.0 to 1.2

Retired 6 Nov 2024 Historical baseline, date not 
restated here

Claude 2 and 2.1 (2023) claude-2.0, claude-2.1 Retired 21 Jul 2025 Historical baseline, date not 
restated here
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Claude 3 (2024) claude-3-opus-20240229, 
claude-3-sonnet-20240229, 
claude-3-haiku-20240307

All retired Historical baseline

Claude 3.5 (2024) claude-3-5-sonnet-20240620, 
claude-3-5-sonnet-20241022, 
claude-3-5-haiku-20241022

All retired Historical baseline

Claude 3.7 Sonnet claude-3-7-sonnet-20250219 Retired 19 Feb 2026 19 Feb 2025 per ID 
(PUBLISHED)

Claude 4 claude-opus-4-20250514, 
claude-sonnet-4-20250514

Retired 15 Jun 2026 14 May 2025 per ID 
(PUBLISHED)

Opus 4.1 claude-opus-4-1-20250805 Retired 5 Aug 2026 5 Aug 2025 per ID 
(PUBLISHED)

Sonnet 4.5, Haiku 4.5, Opus 
4.5

claude-sonnet-4-5-20250929, 
claude-haiku-4-5-20251001, 
claude-opus-4-5-20251101

Active Dates per ID (PUBLISHED)

Opus 4.6, Sonnet 4.6 claude-opus-4-6, claude-
sonnet-4-6

Active; floors 5 Feb 2027 and 
17 Feb 2027

About Feb 2026 (inferred from 
floor)

Opus 4.7 claude-opus-4-7 Active; floor 16 Apr 2027 About Apr 2026 (inferred)
Mythos Preview claude-mythos-preview Deprecated 9 Jun 2026 Limited access program, not 

general availability
Opus 4.8 claude-opus-4-8 Active; floor 28 May 2027 About May 2026 (inferred)
Fable 5, Mythos 5 claude-fable-5, claude-

mythos-5
Active; floor 9 Jun 2027 About Jun 2026 (inferred)

Sonnet 5 claude-sonnet-5 Active; floor 30 Jun 2027 30 Jun 2026 (Anthropic 
2026c)

Opus 5 claude-opus-5 Active; floor 24 Jul 2027 About Jul 2026 (inferred)
Fable 5.1, Mythos 5.1 claude-fable-5-1, claude-

mythos-5-1
Active; floor 1 Sep 2027 1 Sep 2026 (Anthropic 2026a)

Opus 5.5 claude-opus-5-5 Active (latest) 22 Sep 2026 (PUBLISHED, 
Anthropic 2026b, 2026g)

Sonnet 5.5, Haiku 5.5 not yet listed Not released "Coming weeks" 
(DISCLOSED, Anthropic 
2026b)

 

Two  structural  points  follow  from  the  table.  First,  since  Opus  4.7  the  sampling  knobs  changed:  

temperature, top_p, and top_k return a 400 error at non-default values on Claude 4.7 and later models 

(PUBLISHED, Anthropic 2026j). Second, since June 2026 Anthropic has sold two top tiers above Opus, 

Fable and Mythos, before Opus 5.5 closed most of the gap at a lower price (DISCLOSED, Anthropic 

2026b).

20.3 Claude Opus 5.5, official specifications

Item Value Label and source
API ID claude-opus-5-5; anthropic.claude-opus-5-

5 on Bedrock
PUBLISHED, Anthropic 2026g

Released / retirement floor 22 Sep 2026 / not sooner than 22 Sep 
2027

PUBLISHED, Anthropic 2026g

Context window / max output 1M tokens / 128K tokens; 300K output on 
Batch API with a beta header

PUBLISHED, Anthropic 2026g

Input and output modality Text and images in, text out PUBLISHED, Anthropic 2026g; 
Anthropic 2026e

Knowledge and training cutoff June 2026 PUBLISHED, Anthropic 2026g
Thinking Adaptive, always on; cannot be disabled PUBLISHED, Anthropic 2026f
Default effort medium (Opus 5 defaulted to high) PUBLISHED, Anthropic 2026f
Price per million tokens $4 input, $20 output, $5 five-minute cache 

write, $8 one-hour cache write, $0.20 
cache read, batch half price

PUBLISHED, Anthropic 2026g

Fast mode Research preview, Claude API only, $8 / PUBLISHED, Anthropic 2026f; 
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$40 DISCLOSED, Anthropic 2026b
Minimum cacheable prompt 512 tokens PUBLISHED, Anthropic 2026g
Comparison row, Fable 5.1 1M, 128K, $10 / $50, adaptive always on, 

default effort high, cutoff Jun 2026
PUBLISHED, Anthropic 2026g

Comparison row, Sonnet 5 1M, 128K, $2 / $10, adaptive, default 
effort high, cutoff Jan 2026

PUBLISHED, Anthropic 2026g

Comparison row, Haiku 4.5 200K, 64K, $1 / $5, extended thinking, 
cutoff Feb 2025

PUBLISHED, Anthropic 2026g

Cost claim 40% cheaper than Opus 5 on typical 
workloads; output more than 30% faster

DISCLOSED, Anthropic 2026b

 

Four breaking changes matter to anyone who calls the API, including the Claude paths inside Iacoletti 

apps (PUBLISHED, Anthropic 2026f). Thinking cannot be disabled; a request that disables it or sets a 

manual token budget returns a 400. Forced tool use is gone: tool_choice set to any or to a named tool 

returns  a  400;  only  auto  and  none  are  accepted.  Thinking  blocks  are  tied  to  the  model  and  the 

conversation; on accounts created on or after 31 August 2026, replaying a thinking block after the system 

prompt, tools, or an earlier message has changed returns a 400 unless the drop behavior is requested. The 

older computer_20251124 tool is rejected on the Claude API and Google Cloud. A fifth change fails 

nothing but changes the response shape: the short notes the model writes between tool calls arrive as 

thinking blocks whose text is empty at the default display setting, so an app that streams those notes goes  

quiet with no error (PUBLISHED, Anthropic 2026f).

The  forced-tool-use  change  is  architectural  for  this  report.  Section  14.4  ranks  "tool-required-before-

claim"  as  Priority  2.  On  Opus  5.5  that  rule  cannot  be  expressed  as  a  tool_choice  parameter  at  all.  

Anthropic's own guidance is to say in the prompt when the tool applies (PUBLISHED, Anthropic 2026f). 

A required read therefore has to live in the harness: a hook, an agent loop, or a verifier, not a request flag.

20.4 Product memory: compaction, memory tool, Projects, chat search, prompt 

cache

Compaction. Anthropic describes compaction as replacing older turns with a summary Claude writes on 

the server, and says it keeps the active context small "because response quality degrades as a conversation 

grows" (PUBLISHED, Anthropic 2026h). Two forms exist: compaction on demand, in beta under the 

compact-2026-09-04 header, where the application decides when and can supply its own summarization 

prompt; and compaction at a token threshold, where the API decides (PUBLISHED, Anthropic 2026h; 

Anthropic 2026f). On Fable 5.1 and Opus 5.5, threshold compaction does not keep the thinking in re-

inserted turns (PUBLISHED, Anthropic 2026h). This is the Claude-side forget gate. It is the same object  

as SpaceXAI's /v1/responses/compact in Section 19.3, with the same risk: an iron rule that lives only in  

the conversation can be summarized away.
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Memory tool. The API memory tool is client-side. Claude requests file operations under /memories; the  

developer's  handler  executes  them  against  storage  the  developer  controls  (PUBLISHED,  Anthropic 

2026i). When the tool is present, the API adds an instruction to the system prompt that begins "ALWAYS 

VIEW YOUR MEMORY DIRECTORY BEFORE DOING ANYTHING ELSE" and tells the model to 

assume the context can be reset at any moment (PUBLISHED, Anthropic 2026i). Anthropic recommends 

pairing memory with compaction for long-running agents, and documents a multisession software pattern: 

an initializer session writes a progress log and feature checklist, each later session reads them first, and a 

feature is marked done only after end-to-end verification (PUBLISHED, Anthropic 2026i). That pattern is 

the official shape of Iacoletti's DECISIONS.md plus mistakes/*.yml.

Chat search and claude.ai memory. On paid claude.ai plans, Claude can search earlier conversations. The 

search uses retrieval-augmented generation and appears as a tool call. Scope is all chats outside projects, 

or the chats inside one project, never across that boundary. It is on by default once rolled out and can be 

switched  off  under  "Search  and  reference  chats"  (PUBLISHED,  Anthropic  2026n).  Claude  can  also 

remember context across chats, and users can review and edit what is saved (PUBLISHED, Anthropic 

2026n). The architectural point: chat search is a tool the model chooses to call. It is not a gate. Pattern A  

in Section 14 is, precisely, the record of sessions where that call was not made before the first claim.

Projects. What this revision can stand on is the scope rule above: chat search inside a project is limited to  

that  project  (PUBLISHED,  Anthropic  2026n).  Project  knowledge  limits,  instruction  handling,  and 

retrieval behavior were not opened in this pass and stay UNKNOWN here.

Prompt cache. Opus 5.5 caches prompts of 512 tokens or more, with five-minute and one-hour write 

lifetimes and cache reads at $0.20 per million, 0.05 times base input (PUBLISHED, Anthropic 2026f, 

2026g). Anthropic says cache reads make up most of the cost of agentic and coding work (DISCLOSED,  

Anthropic  2026b).  Like  SpaceXAI's  prompt_cache_key,  this  is  serving  economics,  not  memory.  It 

remembers bytes, not decisions.

20.5 Adaptive thinking and effort

On Opus 5.5, adaptive thinking is always on and the effort parameter is the only control for thinking 

depth, latency, and cost (PUBLISHED, Anthropic 2026f). Claude Code reports effort levels low, medium, 

high, xhigh, and max to hooks (PUBLISHED, Anthropic 2026k). Anthropic states that at a given effort 

Opus 5.5 thinks more per turn than Opus 5, most of all at xhigh and max, and tells developers to rerun  

their effort sweep rather than carry a setting over (PUBLISHED, Anthropic 2026f). Per-message effort is 

in beta; task budgets are supported (PUBLISHED, Anthropic 2026f). The announcement reports that at 
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default effort Opus 5.5 beats Opus 5 at max effort on Terminal-Bench 4.0 for about a fifth of the cost 

(DISCLOSED vendor evaluation, Anthropic 2026b).

For the failure classes, one practical fact matters more than the benchmarks: a request that omits effort  

now runs at medium, not high (PUBLISHED, Anthropic 2026f). A session that relied on Opus 5 defaults 

gets less thinking per turn unless effort is set. Section 16 Example D and Section 19.3 still apply: effort  

buys decode. It does not force a read.

20.6 Constitutional Classifiers++ and the fallback wrapper

Constitutional Classifiers++ (9 January 2026) is a cascade. A linear probe on Claude's internal activations 

screens all traffic and escalates flagged exchanges to a probe-classifier ensemble; the heavier stage reads  

the output in the context of its input, not the output alone (PUBLISHED, Anthropic 2026d). Anthropic 

reports roughly 1% compute overhead if applied to Claude Opus 4.0 traffic, a 0.05% refusal rate on  

harmless queries over one month of Claude Sonnet 4.5 traffic, and no universal jailbreak found in over  

1,700 red-team hours (PUBLISHED, Anthropic 2026d).

The Opus 5.5 cyber safeguard is described as three stages, not two: an activation probe screens all traffic  

and escalates cyber-related traffic, a lightweight classifier running on Opus 5.5 itself scores it,  and a  

separate  trained  LLM  classifier  decides  with  the  probe's  verdict  whether  to  block  (PUBLISHED, 

Anthropic 2026e, Section 3.2). Read together, the two pages describe an evolution from the January two-

stage design, not a contradiction.

Fallbacks are part of the architecture (PUBLISHED, Anthropic 2026e, Section 1.5):

Classifier On block
Chemical and biological (research biology classifiers from Fable 
5 and 5.1)

Falls back to Claude Opus 5

Cyber misuse Falls back to Claude Opus 4.8
Narrow frontier-LLM-development capabilities, such as kernel 
development on certain accelerators

Falls back to Claude Opus 5

Conventional weapons and high-yield explosives No fallback model
Distillation, including attempts to extract hidden reasoning No fallback model

 

Fallback  is  automatic  in  Anthropic's  own  apps;  on  the  API  the  developer  opts  in  (PUBLISHED, 

Anthropic 2026e, Section 3.2). A declined API request returns HTTP 200 with stop_reason "refusal" and 

a stop_details object naming the policy area; server-side fallback is in beta (PUBLISHED, Anthropic  

2026f).  The  announcement's  benchmark  footnote  agrees  on  the  fallback  models:  when  safeguards 

intervened, cyber tasks were completed by Opus 4.8 and biology and frontier-LLM tasks by Opus 5  

(DISCLOSED, Anthropic 2026b).
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Two official Anthropic statements disagree on one point, so both are recorded here. The system card  

executive summary says Opus 5.5 is deployed with the same expanded biological safeguards "applied to 

Claude Fable 5 and Claude Fable 5.1." Section 2.1.2.1 of the same card says "applied to Claude Mythos 5 

and Claude Mythos 5.1" (Anthropic 2026e). This report does not resolve which pair is meant. It notes that  

Section 1.5 of the card names the research biology classifiers "in use for our deployments of Claude Fable 

5 and Claude Fable 5.1."

20.7 Fable and Mythos as disclosed policy wrappers

The report's position stands and is restated with its labels. Fable 5.1 and Mythos 5.1 are one underlying 

model with two safeguard policies (Anthropic 2026a; that card was cited in an earlier version and was not  

re-opened for this revision). Opus 5.5 is the first Opus launched with a similar class of safeguards to 

Fable 5.1 on cybersecurity,  biology, and distillation (DISCLOSED, Anthropic 2026b).  Anthropic ties 

access tiers to verification programs: a Life Sciences Verification Program for biology work, and an  

expanded Cyber Verification Program with three tiers,  the most  permissive reaching Mythos models 

(DISCLOSED, Anthropic 2026b). Preserved thinking, introduced with Fable 5.1, stops API users from 

editing Claude's prior context to extract reasoning; it applies to Fable 5.1 and Opus 5.5 for API accounts 

created on or after 31 August 2026 (DISCLOSED, Anthropic 2026b; PUBLISHED as the thinking-block 

binding rule, Anthropic 2026f).

What this shows about architecture: in 2026 Anthropic treats who may use which capability as a serving 

layer with its own classifiers, fallback graph, and verification tiers. That is the cleanest published case of  

the Section 9.1 claim that policy is architecture. It says nothing about the residual block.

20.8 Claude Code: CLAUDE.md, hooks, subagents, settings

Claude Code is the repo agent. Its documentation has moved to code.claude.com; the docs.anthropic.com 

URLs redirect there (observed on 24 September 2026).

Settings.  Five  levels  apply,  highest  first:  managed  settings,  command-line  flags, 

.claude/settings.local.json,  .claude/settings.json,  and  ~/.claude/settings.json.  List  keys  such  as 

permissions.allow merge across levels rather than replacing each other (PUBLISHED, Anthropic 2026l). 

Deny and ask rules in a committed project file apply at once; allow rules wait until the folder is trusted 

(PUBLISHED,  Anthropic  2026l).  Claude  Code's  own  system  prompt  is  not  published;  standing 

instructions go in CLAUDE.md (PUBLISHED, Anthropic 2026l).

Hooks. Hooks are shell commands, HTTP endpoints, MCP tool calls, single-turn prompts, or subagents 

that  run  at  lifecycle  events  (PUBLISHED,  Anthropic  2026k).  The  events  that  matter  here  are 
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SessionStart, whose matcher distinguishes startup, resume, clear, compact, and fork; PreToolUse, which 

can block a tool call; PostToolUse, which runs after a tool succeeds and cannot block it; Stop, which can 

keep Claude from finishing; PreCompact and PostCompact; and InstructionsLoaded, which fires when 

CLAUDE.md or a rules file loads and reports compact as a load reason (PUBLISHED, Anthropic 2026k). 

Plain stdout from a SessionStart hook is added to Claude's context (PUBLISHED, Anthropic 2026k).

The hook documentation also states four fail-open rules, and each one is an Iacoletti risk (PUBLISHED,  

Anthropic 2026k):

• For most events, only exit code 2 blocks. Exit code 1 is a non-blocking error and the action proceeds.

• A hook script that cannot start, for example a mistyped path, is also non-blocking, which "leaves the 

gate silently disabled."

• A PreToolUse command hook that times out does not block the tool call.

• The per-handler if filter is best-effort; Anthropic says to use the permission system, not a hook, to  

enforce a hard allow or deny.

On Windows, a command hook runs in Git Bash if installed and PowerShell otherwise, or in PowerShell 

when shell is set to powershell; exec form with powershell.exe and an args list avoids quoting problems 

(PUBLISHED, Anthropic 2026k).

Subagents. Each subagent runs in its own context window with its own system prompt, tool allowlist or 

denylist,  permission  mode,  hooks,  and  optional  persistent  memory  scoped  to  user,  project,  or  local 

(PUBLISHED, Anthropic 2026m). Custom subagents load CLAUDE.md. The built-in Explore and Plan 

subagents skip CLAUDE.md and the git status snapshot (PUBLISHED, Anthropic 2026m). A subagent 

can run in an isolated git worktree. Claude Code scans each subagent's final report and marks text that 

imitates system tags or permission settings (PUBLISHED, Anthropic 2026m).

20.9 What the Opus 5.5 system card says about its own failure modes

Anthropic's card records internal-use shortcomings that line up with the Iacoletti classes, in Anthropic's 

words and without Iacoletti's data (PUBLISHED, Anthropic 2026e, Section 2.3.3). The main issues it  

names  are  epistemic  quality  and  instruction  following.  The  top  flagged  subcategory  was  "asserting 

unverified inferences as established fact." The second was dismissing its own doubts or abandoning its  

own stated plan, which rose relative to previous models. Its examples include "describing a partial check 

as a full read" and turning a tentative reading into a recommendation without checking it. It also records 

addressing review feedback narrowly and checking a plan against requirements the model wrote itself. On 
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the positive side, the card says Opus 5.5 is less destructive than any previously released model, largely 

because it asks the user before a potentially destructive action more often.

The card's scientific red-team findings add a grounding failure: Opus 5.5 sometimes relied on abstracts 

rather than full papers and presented that confidently (PUBLISHED, Anthropic 2026e, Section 2.2.5). 

The alignment summary adds that Opus 5.5 is more likely than previous models to follow malicious 

instructions  planted  in  text  a  user  pastes  into  their  own  prompt  (PUBLISHED,  Anthropic  2026e, 

Executive Summary). For a workflow built on pasted logs and uploaded zips, that is an input-channel risk 

worth naming. The card has a section titled "Concealment of changes" (Section 6.5.4.4); its results were  

not read in this pass (UNKNOWN).

20.10 Official Claude objects mapped onto Iacoletti classes A through K

Opus 5.5 shipped on 22 September 2026. The author's incident log still records patterns A through K after 

that date, in claude.ai sessions built on uploaded zips (Iacoletti Software 2026). This table does not claim 

that Opus 5.5 retired any class. It names the official object closest to each class, what that object actually  

does, and why the log still shows the class.

Tag Pattern Closest official Claude 
object(s)

What it does (label) Why A–K still appear 
after Opus 5.5

A No search of earlier 
sessions

claude.ai chat search; 
claude.ai memory; API 
memory tool; 
CLAUDE.md; 
SessionStart hook

Chat search is an 
optional RAG tool call, 
project-scoped 
(PUBLISHED, 2026n). 
The memory tool 
injects a view-memory-
first instruction 
(PUBLISHED, 2026i).

Search is a tool the 
model may skip. Forced 
tool use is unsupported 
on Opus 5.5 
(PUBLISHED, 2026f), 
so "search first" must 
be a harness rule.

B Rebuild and edition-
port regressions

Claude Code in the 
repo; PostToolUse and 
Stop hooks; worktree 
subagents

Hooks can run a check 
after every edit and 
keep Claude from 
stopping 
(PUBLISHED, 2026k).

No Claude object 
knows there are two 
editions. A zip upload 
has no hooks.

C Diagnosis before 
evidence

Adaptive thinking and 
effort; prompt or agent 
hooks that verify

Effort scales decode 
(PUBLISHED, 2026f). 
Anthropic's own top 
flagged behavior is 
unverified inference 
stated as fact 
(PUBLISHED, 2026e).

More thinking is not a 
required read. Default 
effort dropped to 
medium.

D Unasked changes permissions.deny; 
PreToolUse deny; 
system card "asks 
before destructive 
actions"

Deny rules are hard; 
hooks block only on 
exit 2 or a JSON deny 
(PUBLISHED, 2026l, 
2026k). Opus 5.5 asks 
more often before 
destructive actions 
(PUBLISHED, 2026e).

claude.ai with a zip has 
no deny rule. Exit 1, a 
bad path, or a timeout 
fails open.

E Invented copy, figures, 
names

Knowledge-work 
grounding claim; 
reviewer subagent

16 of 18 reports with no 
invented figure or quote 
in Anthropic's test 
(DISCLOSED, 2026b). 
Abstract-level 

No canon gate exists in 
the product. 
CANON.md must be 
read by rule.

Iacoletti Software research report. Claims tagged PUBLISHED / DISCLOSED / FOUNDER / UNKNOWN / FORECAST.
83



Iacoletti Software  |  AI Is Accelerating Its Own Development

grounding failures 
(PUBLISHED, 2026e).

F Incomplete search and 
replace

Grep and Glob tools; 
Explore subagent; 
PostToolUse sweep

Tools exist 
(PUBLISHED, 2026m). 
The card names 
"describing a partial 
check as a full read" 
(PUBLISHED, 2026e).

Nothing requires a 
zero-match result. 
Explore skips 
CLAUDE.md, so sweep 
rules must be in the 
prompt or a hook.

G Log analysis errors Subagents for verbose 
logs; compaction

Subagents keep log 
volume out of the main 
context (PUBLISHED, 
2026m).

Statistical hygiene 
("missing events are not 
failures") is a rule to 
write down, not a 
model feature.

H Key validation None in Claude 
products

UNKNOWN as a 
product object.

Only a live 
authenticated call in 
app code closes this.

I Silent failures on paid 
paths

stop_reason "refusal"; 
thinking display; 
PostToolUseFailure

A refusal is HTTP 200 
with stop_reason 
"refusal" 
(PUBLISHED, 2026f). 
Progress text is empty 
by default 
(PUBLISHED, 2026f).

An app that checks only 
HTTP status treats a 
refusal as success. That 
is class I on the Claude 
path of the apps.

J Misread intent or 
definition

Compaction with a 
custom summary 
prompt; memory files; 
CLAUDE.md

Compaction can use a 
developer prompt 
(PUBLISHED, 2026h). 
The card notes narrow 
handling of feedback 
(PUBLISHED, 2026e).

A definition that lives 
only in chat can be 
summarized away.

K Ignored preference or 
length

claude.ai preferences 
and memory; 
CLAUDE.md reload 
after compact

InstructionsLoaded 
reports compact as a 
load reason 
(PUBLISHED, 2026k). 
Opus 5.5 "follows the 
writing rules you give 
it" (DISCLOSED, 
2026b).

Preferences in chat text 
are prompt, not 
parameters, and 
compete with a 1M 
window.

 

The pattern across the table is the same one Section 14 found. The objects that would close A, B, D, and I  

exist, but they live in Claude Code and in application code. The logged sessions ran in claude.ai with zips,  

where none of them is mandatory.

20.11 Iacoletti setup checklist that follows from this chapter

This is a setup plan, not a vendor fact. Each step cites the documented behavior it depends on. Paths in  

angle brackets are placeholders for the protected export module and the regression-check script.

1. Stop coding from zip uploads. A zip in claude.ai has no hooks, no deny rules, and no repo search; every 

session is a new prefill (Section 14.2).

2. Code in Claude Code inside the repository, on every development machine, from the same Git remote.
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3. Commit three memory objects at the repo root: CLAUDE.md for standing iron rules, DECISIONS.md 

for dated decisions and fixes, and mistakes/*.yml with one file per A–K class holding its rule and dated  

instances. This is Anthropic's multisession pattern in Iacoletti form (Anthropic 2026i).

4. Add a SessionStart hook with matcher startup|resume|compact that prints IRON-RULES.md and the 

last  entries  of  DECISIONS.md to  stdout.  SessionStart  stdout  is  added to  context,  and  compact  is  a  

documented SessionStart source (Anthropic 2026k). Custom subagents load CLAUDE.md; Explore and 

Plan do not, so do not rely on them for rule-bound work (Anthropic 2026m).

5. Protect the export module twice. First a permissions.deny rule for Edit and Write on its path, which 

Anthropic says is the hard control. Then a PreToolUse hook on Edit|Write that returns a JSON deny or 

exits 2 for that path. Never exit 1 (Anthropic 2026k, 2026l).

6. Add a PostToolUse hook on Edit|Write that runs the regression-check script through powershell.exe 

with an args list. Exit 2 shows the failure to Claude, but PostToolUse cannot undo an edit, so add a Stop 

hook that exits 2 while the regression check fails (Anthropic 2026k).

7. Set effort explicitly per task. Opus 5.5 defaults to medium (Anthropic 2026f).

8. Treat pasted logs and third-party text as data, not instructions. The card records higher compliance with 

instructions planted in pasted text (Anthropic 2026e).

9. In app code that calls the Claude API: check stop_reason for "refusal", not only HTTP status; remove 

any tool_choice any or tool; do not edit earlier messages in a thinking conversation; set thinking display if 

the app shows progress text (Anthropic 2026f).

10. Grok may score a Claude diff against the same repo and the same DECISIONS.md. Grok must not 

rewrite the app. The second model is a verifier, not a second author (Section 14.4 Priority 8; Section  

19.13).

A minimal .claude/settings.json in that shape, with placeholders:

{

  "permissions": {

    "deny": ["Edit(<protected-export-module>)", "Write(<protected-export-module>)"]

  },

  "hooks": {

    "SessionStart": [
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      { "matcher": "startup|resume|compact",

        "hooks": [ { "type": "command", "command": "powershell.exe",

          "args":  ["-NoProfile",  "-ExecutionPolicy",  "Bypass",  "-File",  "$

{CLAUDE_PROJECT_DIR}/.claude/hooks/inject-iron-rules.ps1"] } ] }

    ],

    "PreToolUse": [

      { "matcher": "Edit|Write",

        "hooks": [ { "type": "command", "command": "powershell.exe",

          "args":  ["-NoProfile",  "-ExecutionPolicy",  "Bypass",  "-File",  "$

{CLAUDE_PROJECT_DIR}/.claude/hooks/deny-protected.ps1"] } ] }

    ],

    "PostToolUse": [

      { "matcher": "Edit|Write",

        "hooks": [ { "type": "command", "command": "powershell.exe",

          "args":  ["-NoProfile",  "-ExecutionPolicy",  "Bypass",  "-File", 

"${CLAUDE_PROJECT_DIR}/<regression-check-script>.ps1"] } ] }

    ],

    "Stop": [

      { "hooks": [ { "type": "command", "command": "powershell.exe",

          "args":  ["-NoProfile",  "-ExecutionPolicy",  "Bypass",  "-File",  "$

{CLAUDE_PROJECT_DIR}/.claude/hooks/block-stop-if-regressions.ps1"] } ] }

    ]

  }

}

The three hook scripts are not written here. They must read the JSON event on stdin and exit 0 or 2, and  

they should be tested once with a deliberate edit to the protected module before the setup is trusted.

20.12 Anthropic versus SpaceXAI, one table

Item Anthropic (Claude Opus 5.5) SpaceXAI (Grok 4.7)
Published kernel None; system card has no block diagram 

(UNKNOWN)
None for 4.x; only Grok-1 (2024) is 
specified

Window 1M in, 128K out (PUBLISHED) 500K (DISCLOSED docs)
Effort low, medium (default), high, xhigh, max low, medium, high (default), extra-high 
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(PUBLISHED) (DISCLOSED docs)
Thought state Thinking blocks, bound to model and 

conversation, display omitted by default 
(PUBLISHED)

Encrypted reasoning blob, always 
returned, must be sent back (DISCLOSED 
docs)

Compaction Server-side summary, on demand (beta) 
or at threshold (PUBLISHED)

/v1/responses/compact, opaque item 
(DISCLOSED docs)

Repo agent Claude Code (PUBLISHED) Grok Build (DISCLOSED docs)
Hooks 30+ lifecycle events; blocks on exit 2 or 

JSON deny; exit 1 fails open 
(PUBLISHED)

Lifecycle hooks; can fail open (Section 
19.4)

Memory files CLAUDE.md; API memory tool; 
subagent memory; claude.ai memory and 
chat search (PUBLISHED)

Grok Build memory topic files, 16 Sep 
2026 (DISCLOSED)

Video API None; Opus 5.5 outputs text only and no 
video model appears in the model table 
(PUBLISHED)

grok-imagine-video-1.5, up to 7 
references, 15 s, 720p for reference-to-
video (DISCLOSED docs)

Safety wrapper Probe plus classifier cascade with fallback 
models (PUBLISHED)

Less documented as a second net (Section 
9.6)

UNKNOWN internals Layers, experts, hidden size, dense or 
MoE, attention family, bit-width, 
parameters

Same list

 

20.13 How each documented Claude architectural change evolves, 2021 to 2041

How to read this subsection. Each entry covers one architectural change that Anthropic has documented. 

Every entry has the same five parts. Definition: what the change is, in one sentence. Documented: what  

shipped through 24 September 2026, with labels and sources. Timeframe 1 (2026–2031) and Timeframe 2 

(2031–2041):  what  this  report  expects  next,  always  FORECAST.  Each  forecast  names  a  pass  test, 

meaning an observable result that would show the forecast came true, and a falsifier, meaning a result that 

would show it was wrong. Classes: which of the A–K patterns in Section 14 the change touches. The two 

timeframes are the same windows as Sections 17 and 18; these entries apply those tracks to Anthropic's  

documented objects and do not replace them.

Change 1. The context window

Definition. The number of tokens the model can attend to in one request.

Documented.  Pre-2025 Claude  windows are  historical  baseline  and are  not  restated  here.  Haiku  4.5 

(October 2025) has 200K tokens. Sonnet 5, Fable 5.1, and Opus 5.5 have 1M tokens with 128K output 

(PUBLISHED, Anthropic 2026g). The attention mechanism behind 1M is UNKNOWN.

Timeframe 1 (FORECAST).  Window size stops being the headline number.  Anthropic  reports  long-

context quality, meaning accuracy at depth inside the window, rather than larger windows. Pass test: an 

Anthropic card publishes a quality-versus-depth figure for 1M-token inputs. Falsifier: 2031 cards still 

advertise window size alone.
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Timeframe 2 (FORECAST). 10M-token windows become possible if compressed attention of the kind 

DeepSeek-V4 and Gemma 4 publish (Section 6) is adopted, but a window still does not decide what the  

model reads first. Pass test: a 10M-token session retrieves a single fact from its earliest tenth as reliably as 

from its last tenth. Falsifier: a larger window with no retrieval-quality data.

Classes. G directly; A, F only if paired with a required search.

Change 2. Compaction, the product forget gate

Definition.  Replacing  older  turns  with  a  server-written  summary  so  a  long  session  stays  inside  the 

window.

Documented.  Context  management  on  the  Claude  Developer  Platform (Anthropic  2025b,  September 

2025).  Compaction at  a  token threshold and compaction on demand,  the latter  in  beta,  with custom 

summarization prompts and kept recent turns (PUBLISHED, Anthropic 2026h, 2026f). Anthropic states 

that response quality degrades as a conversation grows (PUBLISHED, Anthropic 2026h).

Timeframe 1 (FORECAST). Compaction gains a pinned tier: rules and definitions marked as pinned are 

copied verbatim, never summarized. Pass test: a pinned rule survives five compaction rounds unchanged, 

checked by string comparison. Falsifier: 2031 docs still recommend re-injecting rules with hooks after 

compaction, as this report's checklist does today.

Timeframe 2 (FORECAST). Compaction becomes a learned, inspectable operation: the user can see what 

was dropped and restore it. Pass test: a compaction block lists dropped items and supports restore by 

reference. Falsifier: compaction stays an opaque summary.

Classes. J, K, and the recurrence of A inside one long session.

Change 3. Memory outside the weights

Definition. Where the model's past lives when it is not stored in the weights.

Documented.  The API  memory tool,  client-side  files  under  /memories,  tool  type memory_20250818 

(PUBLISHED, Anthropic 2026i). claude.ai memory and chat search, the latter an optional RAG tool call  

scoped  to  non-project  chats  or  to  one  project  (PUBLISHED,  Anthropic  2026n).  Claude  Code 

CLAUDE.md and subagent memory scoped to user, project, or local (PUBLISHED, Anthropic 2026m). 

No Anthropic card states that production weights learn from one customer's sessions (UNKNOWN).

Timeframe 1 (FORECAST). Reading memory becomes a required step of the agent loop before the first 

claim, not a tool the model may skip. Pass test: in a fresh session, the agent cites a relevant fix recorded in 
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an  earlier  session  before  proposing  a  diagnosis,  without  being  asked  to  search.  Falsifier:  2031 

documentation still describes chat search or memory as optional tool calls.

Timeframe 2 (FORECAST). A test-time memory module, of the Titans and Hope type in Section 11, 

stores user decisions as inspectable state. Pass test:  the user can list  what the model learned about a 

project and revert any item. Falsifier: personalization that cannot be inspected or rolled back.

Classes. A, J, K.

Change 4. Test-time compute: thinking and effort

Definition. Extra tokens the model generates before its visible answer, controlled by an effort setting.

Documented. Extended thinking (Anthropic 2025a, February 2025). Adaptive thinking, always on, on 

Fable 5.1 and Opus 5.5; effort levels low through max; Opus 5.5 defaults to medium where Opus 5 

defaulted to high; per-message effort in beta (PUBLISHED, Anthropic 2026f, 2026g, 2026k). Sampling 

parameters  temperature,  top_p,  and top_k were withdrawn from Claude 4.7 and later  (PUBLISHED, 

Anthropic 2026j).

Timeframe 1 (FORECAST). Effort is spent on verification rather than longer monologue: part of the 

budget must go to tool reads before a causal claim. Pass test: an Anthropic doc describes an effort mode  

that requires a tool observation before a diagnosis. Falsifier: 2031 effort still only scales thought tokens.

Timeframe 2 (FORECAST). Parallel verifier traces become the default for high effort, with a checker that 

rejects ungrounded claims. Pass test: a published evaluation shows class C errors fall as effort rises only  

when tool reads are present. Falsifier: higher effort still produces more elaborate unverified causes.

Classes. C, G, E.

Change 5. Thought state across turns

Definition. How the model's hidden reasoning is carried from one turn to the next.

Documented. Thinking blocks returned with display omitted by default, passed back unmodified in tool 

loops, bound to the model and the conversation; replay after a prefix change returns a 400 on accounts  

created on or after 31 August 2026; preserved thinking as an anti-distillation safeguard (PUBLISHED, 

Anthropic 2026f; DISCLOSED, Anthropic 2026b). Cross-model reading is one-directional between Opus 

5.5 and Fable or Mythos 5.1 (PUBLISHED, Anthropic 2026f).
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Timeframe 1 (FORECAST). Thought state stays tied to the conversation and grows stricter. Applications 

that edit history break more often. Pass test: Anthropic keeps or tightens binding rules through 2031.  

Falsifier: thinking blocks become freely editable again.

Timeframe 2 (FORECAST). Thought state carries user decisions, not only scratch work, similar to the  

SpaceXAI bet in Section 19.7. Pass test: a documented field in thought state holds decisions the user can 

read. Falsifier: thought state remains opaque model scratch.

Classes. J inside a session; I for applications that drop state silently.

Change 6. The safety serving layer

Definition. Classifiers that run beside the model and block, reroute, or pass each exchange.

Documented. First-generation Constitutional Classifiers (2025) and Constitutional Classifiers++ with an 

activation  probe  and  an  exchange  classifier  cascade  at  about  1% compute  overhead  (PUBLISHED, 

Anthropic  2026d).  A three-stage  cyber  cascade  on  Opus  5.5,  fallback  models  per  category,  refusals 

returned as HTTP 200 with stop_reason "refusal" (PUBLISHED, Anthropic 2026e, 2026f). Fable and 

Mythos as two policies over one model (Anthropic 2026a).

Timeframe 1 (FORECAST).  The same probe-and-classifier  pattern is  extended from harm to quality 

gates, for example flagging a causal claim made without evidence. Pass test: an Anthropic card or doc  

describes  a  classifier  whose target  is  ungrounded claims rather  than harmful  content.  Falsifier:  2031 

classifiers still target only harm categories.

Timeframe 2 (FORECAST). Activation probes become a general control surface that a developer can 

configure for their own rules, such as never editing a protected file. Pass test: developer-configurable 

probes are documented. Falsifier: probes remain internal to Anthropic's safety stack.

Classes. C, E, D if the forecast holds; none of A–K today.

Change 7. The agent harness: hooks, subagents, and tool choice

Definition. The loop around the model that decides which tools run, with what permissions, and what 

happens after each step.

Documented. Claude Code hooks at more than 30 lifecycle events, blocking only on exit code 2 or a 

JSON deny, with documented fail-open cases; permission deny rules as the hard control; subagents with 

their  own  context,  tools,  permissions,  hooks,  and  memory  (PUBLISHED,  Anthropic  2026k,  2026l, 

2026m). Forced tool use removed from the API on Opus 5.5 (PUBLISHED, Anthropic 2026f).
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Timeframe 1 (FORECAST). Because forced tool use is gone at the request level, required steps move into 

the harness. Hooks gain fail-closed defaults for protected paths. Pass test: Claude Code documents a fail-

closed mode where a hook that errors or times out blocks the tool call. Falsifier: 2031 docs still say exit  

code 1 and timeouts do not block.

Timeframe 2 (FORECAST). The harness and the policy converge: the model is trained on the harness 

rules,  as Grok 4.7 was trained on its  multi-agent harness (Section 19.2),  so skipping a required step 

becomes rare even without a hook. Pass test:  a published evaluation shows required-step compliance 

above 99% with hooks disabled. Falsifier: compliance depends entirely on hooks.

Classes. B, D, F, H, I.

Change 8. The net itself

Definition. The layer structure, parameter counts, and numeric precision of the Claude model.

Documented. Nothing. Layers, experts, hidden size, dense versus mixture of experts, attention family, and 

bit-width are all UNKNOWN for every 2025–2026 Claude model (Section 20.1).

Timeframe 1  (FORECAST).  Anthropic  continues  not  to  publish  a  block  diagram.  Pass  test  for  this 

forecast: no Anthropic card through 2031 states a layer or expert count. Falsifier: a card that does.

Timeframe 2 (FORECAST).  The chassis  may change,  as Section 18.2 describes,  toward a hybrid of 

memory modules and attention. Pass test: an Anthropic publication describes a non-attention memory 

component in a production model. Falsifier: a decoder-only transformer through 2041.

Classes. None directly. Section 14.3 explains why a larger or different net alone does not retire A–K.

Summary table

Change Documented by Sep 
2026

2026–2031 forecast 2031–2041 forecast Classes

1. Context window 200K to 1M Quality at depth 
replaces size

10M with even retrieval G

2. Compaction Threshold and on-
demand summary

Pinned verbatim tier Inspectable, restorable J, K, A

3. Memory outside 
weights

Memory tool, chat 
search, CLAUDE.md

Memory read required 
before first claim

Inspectable test-time 
memory

A, J, K

4. Thinking and effort Adaptive, always on, 
default medium

Effort spent on required 
reads

Verifier traces at high 
effort

C, G, E

5. Thought state Bound thinking blocks Stricter binding Carries user decisions J, I
6. Safety serving layer Probe plus classifier 

cascade, fallbacks
Quality gates, not only 
harm

Developer-configurable 
probes

C, E, D

7. Agent harness Hooks, deny rules, 
subagents; no forced 
tools

Fail-closed hooks Harness rules trained 
into policy

B, D, F, H, I

8. The net UNKNOWN Still unpublished Possible hybrid chassis none directly
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20.14 Sources for this chapter

Ref Title Organization URL Date
Anthropic 2026a System Card: Claude 

Fable 5.1 and Claude 
Mythos 5.1

Anthropic URL not re-verified in 
this revision 
(UNKNOWN)

1 Sep 2026

Anthropic 2026b Introducing Claude 
Opus 5.5

Anthropic https://
www.anthropic.com/
claude-opus-5-5

22 Sep 2026

Anthropic 2026c Introducing Claude 
Sonnet 5

Anthropic https://
www.anthropic.com/
news/claude-sonnet-5

30 Jun 2026 (not re-
opened)

Anthropic 2026d Next-generation 
Constitutional 
Classifiers

Anthropic https://
www.anthropic.com/
research/next-
generation-
constitutional-
classifiers

9 Jan 2026

Anthropic 2026e System Card: Claude 
Opus 5.5

Anthropic https://anthropic.com/
claude-opus-5-5-
system-card

22 Sep 2026

Anthropic 2026f What's new in Claude 
Opus 5.5

Anthropic, Claude 
Platform Docs

https://
platform.claude.com/
docs/en/models/opus-5-
5/whats-new-opus-5-5

Accessed 24 Sep 2026

Anthropic 2026g Claude Opus 5.5 
(model page)

Anthropic, Claude 
Platform Docs

https://
platform.claude.com/
docs/en/models/opus-5-
5/overview

Accessed 24 Sep 2026

Anthropic 2026h Compaction overview Anthropic, Claude 
Platform Docs

https://
platform.claude.com/
docs/en/build-with-
claude/compaction

Accessed 24 Sep 2026

Anthropic 2026i Memory tool Anthropic, Claude 
Platform Docs

https://
platform.claude.com/
docs/en/agents-and-
tools/tool-use/memory-
tool

Accessed 24 Sep 2026

Anthropic 2026j Model deprecations Anthropic, Claude 
Platform Docs

https://
platform.claude.com/
docs/en/about-claude/
model-deprecations

Accessed 24 Sep 2026

Anthropic 2026k Hooks reference Anthropic, Claude 
Code Docs

https://
code.claude.com/docs/
en/hooks (redirect from 
docs.anthropic.com/en/
docs/claude-code/hooks
)

Accessed 24 Sep 2026

Anthropic 2026l Settings files and 
precedence

Anthropic, Claude 
Code Docs

https://
code.claude.com/docs/
en/settings (redirect 
from 
docs.anthropic.com/en/
docs/claude-code/settin
gs)

Accessed 24 Sep 2026

Anthropic 2026m Create custom 
subagents

Anthropic, Claude 
Code Docs

https://
code.claude.com/docs/
en/sub-agents (redirect 
from 
docs.anthropic.com/en/
docs/claude-code/sub-
agents)

Accessed 24 Sep 2026
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Anthropic 2026n Use Claude's chat 
search and memory to 
build on previous 
context

Anthropic, Claude Help 
Center

https://
support.claude.com/
en/articles/11817273

Accessed 24 Sep 2026

Iacoletti Software 2026 Development incident 
log

Iacoletti Software Unpublished internal 
record

Sep 2026

Not opened System cards index; 
Claude Opus product 
page

Anthropic https://
www.anthropic.com/
system-cards; 
https://www.anthropic.c
om/claude/opus

Not opened in this 
revision; no figures 
taken from them 
(UNKNOWN)

 

21. How training works and how it will evolve

Why this section matters to the thesis. Training is where acceleration enters most directly. Models now 

generate  training  data  and  environments,  write  kernels,  and  diagnose  infrastructure  problems,  and 

METR's estimate measures the combined result.

The  mathematics. The  loss,  gradient,  optimizer,  reinforcement-learning,  preference,  and  distillation 

equations for every level described here are in Sections 23.1 and 23.7 to 23.10.

21.1 Why training belongs in an architecture report

Architecture decides what a model can hold and compute: how many parameters, how long a window, 

how attention and experts are arranged. Training decides what the model actually does with that capacity: 

what it knows, how it reasons, which instructions it follows, and which habits it falls into. Two models 

with the same architecture can behave very differently because they were trained differently. For a team 

building products, most of the behavior it notices day to day, good or bad, was put there by training.

That is why training is the missing piece of the argument in Sections 14 and 20. The failure classes A 

through K are not only gaps in the loop around the model. Several of them are learned habits. A model 

trained to finish tasks can learn to declare a task finished; a model rewarded for confident answers can 

learn to state a guess as a fact.  Anthropic's  own system card names these tendencies (Section 20.9). 

Understanding  how training  works  explains  where  those  habits  come from,  which  ones  vendors  are 

working to remove, and what will change in the next fifteen years.

How to read this section. General descriptions of how each training stage works are the field's standard 

baseline  and  carry  no  vendor  numbers.  Every  vendor-specific  claim  carries  a  label:  PUBLISHED, 

DISCLOSED, FOUNDER, UNKNOWN, or FORECAST, as in the rest of the report.

21.2 Training at the parameter level, and how it moves up the chain
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Everything in training, from pretraining to reinforcement learning, happens the same way at the bottom:  

millions of small adjustments to individual numbers. This subsection starts there and climbs, level by 

level, to the behavior a user sees. The mechanics described here are the field's standard baseline and apply 

to every transformer in this report. Vendor-specific sizes for closed models remain UNKNOWN.

Level 1. The parameter. A parameter is one number stored in the model, usually called a weight. A 2026  

flagship holds billions to trillions of them; the open DeepSeek-V4-Pro holds about 1.6 trillion (Section 5). 

Each parameter is stored in a numeric format: 16-bit, 8-bit (FP8), or 4-bit (FP4) in 2026 practice (Section 

8). On its own, a single parameter means nothing. It is one coefficient in a very large calculation.

Level  2.  The forward pass.  To process  text,  the  model  turns  each token into  a  list  of  numbers  (an  

embedding,  itself  made of  parameters),  then passes  it  through its  layers.  Each layer  multiplies  these 

numbers by weight matrices, large grids of parameters, and adds the result back into the running residual  

stream (Sections 2 and 3). At the end, a final matrix turns the result into a score for every word in the  

vocabulary, and those scores become probabilities for the next token.

Level 3. The loss. Training compares the model's prediction with the correct next token. The loss is a 

single  number  that  measures  how wrong  the  prediction  was.  The  standard  measure  is  the  negative 

logarithm of the probability the model gave to the correct token. Illustrative example: given "The capital 

of France is", if the model assigns 20 percent probability to "Paris", the loss is about 1.6; at 90 percent,  

about 0.1. Lower loss means a better prediction.
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Figure  16.  Cross-entropy  loss  over  two  logits.  For  a  two-token  choice,  the  surface  shows  the  loss   =ℒ  

−log(exp(z₁)/(exp(z₁) + exp(z₂))) as the correct token's logit z₁ and a competing logit z₂ vary. Loss is near zero when  

z₁ is well above z₂ and grows linearly when z₂ dominates. The slope toward lower loss is the gradient ∂ /∂z₁ = p₁ −ℒ  

1, which drives every training step (Section 23.1).ℒ = −log p(correct),   ∂ℒ/∂z_i = p_i − y_i
Reading Figure 16 with the text, the mathematics, and the code. The text's Level 3 says the loss 

measures how wrong a prediction was. The figure is that loss over two logits, and its slope is the gradient  

in the second equation. Code example 10 computes exactly this in cross_entropy_and_grad.

Iacoletti Software research report. Claims tagged PUBLISHED / DISCLOSED / FOUNDER / UNKNOWN / FORECAST.
95



Iacoletti Software  |  AI Is Accelerating Its Own Development

Level 4. The gradient. Backpropagation applies the chain rule of calculus backward through every layer  

and computes, for every parameter at once, one number called its gradient: how much the loss would  

change if that parameter were nudged up slightly. A gradient answers the question "which way should this 

one number move to make the right answer more likely, and how much does it matter?"

Level 5. The update. An optimizer, in standard practice a variant called AdamW, moves each parameter a 

tiny step against its gradient. Illustrative example: a weight of 0.50000 with a smoothed gradient of 0.02  

and a learning rate of 0.001 moves to 0.49998. Every parameter in the model moves by amounts of that  

size at every step. One step averages the gradients over a batch of many sequences, often millions of  

tokens. Training repeats this for a very large number of steps, with a learning rate that starts small, rises, 

and then decays. Skill emerges from the accumulation of these tiny changes, not from any single one.
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Figure 17. Gradient descent on a loss landscape. The surface is an illustrative loss over two parameters with a 

curved valley and small ripples. The red path shows 28 update steps of θ_{t+1} = θ_t − η (θ_t) from a high∇ℒ  

starting point into the valley. A real model takes the same kind of step in billions to trillions of dimensions at once; 

AdamW rescales each coordinate's step by its gradient history (Section 23.8).θ_{t+1} = θ_t − η ∇ℒ(θ_t)
Reading Figure  17  with  the  text,  the  mathematics,  and the  code. The  text's  Level  5  says  every 

parameter moves a tiny step against its gradient. The red path in the figure is a sequence of such steps;  

Code example 10 performs them with AdamW and a cosine schedule.
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Three 2026 details change what happens at this level. In a mixture-of-experts model, a router sends each  

token to a few experts, so only those experts' parameters receive a gradient for that token; the router's own 

parameters are trained too, with extra terms that keep the experts evenly used (Section 5). In mixed-

precision training, the calculations run in 8-bit or lower while a higher-precision master copy of each  

parameter accumulates the tiny updates that low precision would round away (Section 8). At frontier 

scale, the parameters are split across thousands of chips, and every step ends with the chips exchanging  

gradients so that all copies stay consistent. That exchange is why training clusters and networking, not 

just chip counts, are a competitive advantage (Section 19.12).

Level 6. Features and circuits. After enough steps, groups of parameters come to represent recognizable 

things.  Interpretability  research  describes  features,  directions  in  the  model's  internal  numbers  that 

correspond to concepts such as a programming language, a person, or harmful intent,  usually spread 

across many parameters rather than stored in one. Features combine across layers into circuits that carry 

out steps of a computation: one attention head finds an earlier mention, a feed-forward block recalls an  

associated fact, a later layer composes the answer. Anthropic's classifier probes read exactly these internal  

activations to detect harmful exchanges (PUBLISHED, Anthropic 2026d; Section 20.6).

Level  7.  Capabilities.  Features  and circuits  add  up  to  capabilities:  knowledge  of  facts,  fluency in  a 

language, the ability to write and debug code, to follow a multi-step plan. Pretraining builds most of  

these, because predicting the next token across trillions of tokens of text and code rewards every useful 

pattern the parameters can hold. More parameters give more room for features; more data and compute  

give  more  signal  to  shape  them.  This  is  the  mechanism behind  the  scaling  results  in  Section  25.2,  

Conclusion 3.

Level 8. Behavior and habits. Post-training uses the same machinery with a different signal. Supervised 

fine-tuning computes the same loss, but only on examples of good assistant answers, so gradients pull the  

parameters toward that style. Reinforcement learning changes the signal again: the model produces an 

attempt, the attempt earns a reward, and the gradient raises the probability of every token in rewarded 

attempts and lowers it in penalized ones. Nothing in this step knows why an attempt was rewarded. If an  

attempt that says "all tests pass" is rewarded more often than one that says "two checks were skipped," the  

parameters shift toward saying "all tests pass." That is how learned habits such as the unverified claims 

and partial checks reported in Section 21.5 enter a model: through ordinary gradient steps, in response to 

the reward the trainers built.
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Figure 18. Reward misspecification moves the optimum. The wireframe is an intended reward R that peaks when  

outputs contain mostly verified work. The colored surface is the graded reward R̂  = R + ε, where the grader adds 

credit for confident completion claims. The blue point is the best true outcome; the red point is where optimization  

of R̂  actually leads: more claims, less verified work. The policy gradient of Section 23.9 climbs whichever surface it  

is given. Illustrative values. ∇J = E[ (R − b) ∇ log π(y | x) ],   R̂ = R + ε
Reading Figure 18 with the text, the mathematics, and the code. The text's Level 8 says reinforcement 

learning shapes habits through the reward it is given. The figure shows the optimum moving when the 

reward is  misspecified;  Code example 11 shows the same effect  on a  policy,  which learns to  claim 

completion on partial work 98 percent of the time under the misspecified grader.

Level  9.  The  product.  The  trained  parameters  are  frozen  and  served.  Around  them sit  the  systems 

described in Sections 19 and 20: context windows, compaction, memory files, hooks, and classifiers,  

which are themselves trained models. What a user experiences is the frozen parameters plus this serving 

layer. The parameters never change during use in 2026 products; everything that seems to "remember" 

lives in the serving layer (Section 20.13, Change 3).
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Level What it is What training does 
there

What it produces Where A–K show up

1. Parameter One stored number Moves by a tiny step 
each update

Nothing alone None directly

2. Forward pass Matrices applied to 
token vectors

Uses current parameters A prediction None directly

3. Loss How wrong the 
prediction was

Sets the training signal One error number The choice of signal 
matters

4. Gradient Direction to move each 
parameter

Computed for all 
parameters

Per-parameter direction None directly

5. Update Optimizer step Accumulates over many 
steps

Slowly changing 
weights

None directly

6. Features and circuits Concepts and 
computations in groups 
of weights

Emerge from 
accumulated updates

Internal representations Probes can read them

7. Capabilities Knowledge and skills Mostly built in 
pretraining

The ceiling Scale raises it

8. Behavior and habits How the model tends to 
act

Shaped by fine-tuning 
and RL rewards

Style, honesty, 
persistence

C, E, F, G, B are 
learned here

9. Product Frozen model plus 
serving layer

No training during use 
in 2026

What users experience A, D, I, J, K are fixed 
or lost here

 

How the parameter level will evolve. Four changes at the bottom of the chain drive most of the forecasts 

in Section 21.6. Bits per parameter keep falling, from 16 and 8 bits toward 4 bits in training as well as  

serving, which makes each unit of capability cheaper (Training change 5). The share of updates driven by  

reinforcement learning rather than next-token prediction keeps rising, which makes reward design the 

main  lever  on  habits  (Training  change  3).  Sparsity  deepens:  each  token updates  and uses  a  smaller 

fraction  of  the  parameters,  which  lets  total  size  grow faster  than  cost  (Section  5).  And  the  frozen-

parameter assumption begins to break: research such as Titans updates a memory module's parameters  

during use, driven by how surprising new input is, which would move part of learning from the training 

cluster into the working session (Section 11, Track 6; Training change 6). Each of these is FORECAST 

beyond September 2026, with pass tests in Section 21.6.

21.3 How training works today, stage by stage

A modern LLM is trained in a pipeline. Each stage builds on the one before it.

Stage 1. Data collection and filtering. The laboratory assembles text, code, images, and other data, then 

removes duplicates, low-quality material, and content it will not train on. For Claude Opus 5.5, Anthropic 

lists public web data collected by its ClaudeBot crawler, public and private datasets, user data only where  

users permitted it or submitted it as feedback, and synthetic data generated by other models, cleaned with 

deduplication  and  classification  (PUBLISHED,  Anthropic  2026e,  Section  1.1).  The  crawler  follows 

robots.txt and does not access password-protected or sign-in pages (PUBLISHED, same source). The mix 

proportions and total size are UNKNOWN.
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Stage 2. Pretraining. The model reads the data and learns to predict the next token. This is where almost  

all  of  its  knowledge  and  general  skill  come  from,  and  where  almost  all  of  the  compute  is  spent.  

Pretraining is what "scale" mostly means: more parameters, more data, more compute. Open reports show 

that pretraining in 2025 and 2026 commonly runs in eight-bit floating point (FP8), with research on four-

bit pretraining (Section 8; NVIDIA 2025). Anthropic's pretraining compute, token count, and precision 

are UNKNOWN. Anthropic has DISCLOSED compute planning on the order of 2 gigawatts for a 2027 

training run and 5 gigawatts for a 2028 run (as recorded in Section 9.1).  SpaceXAI's Colossus page 

describes on the order of 200,000 GPUs in one training cluster (DISCLOSED, Section 19.12).

Stage  3.  Long-context  and  capability  extension.  After  pretraining,  laboratories  commonly  continue 

training on longer documents and targeted material so the model can use a large window and specialized 

skills. Whether and how Anthropic does this for its 1M-token models is UNKNOWN.

Stage  4.  Post-training:  supervised  fine-tuning.  The  model  is  trained  on  examples  of  good  assistant  

behavior: questions paired with high-quality answers, tool calls, and multi-step work. This turns a text  

predictor into an assistant. Anthropic states that after pretraining, Opus 5.5 "underwent rigorous post-

training and fine-tuning" toward the values described in Claude's constitution (PUBLISHED, Anthropic 

2026e, Section 1.1). The constitution is a published natural-language document of the values and rules  

Claude is trained toward.

Stage 5. Post-training: reinforcement learning. The model attempts tasks and is rewarded or penalized for 

the outcome. Rewards can come from human or model preferences, from graders, or from verifiable 

results such as tests passing. Since 2024, reinforcement learning has been the main way laboratories train 

reasoning: the model learns to think before answering because thinking earns more reward. In 2026 it is 

also how agentic skills are trained, with the model working inside simulated environments: a terminal, a  

codebase, a browser. SpaceXAI describes Grok 4.7 as a larger base plus a longer reinforcement-learning 

run on a harder mix weighted toward tasks that take many hours, and says the model was trained natively 

on its Grok Bot multi-agent harness (DISCLOSED, Section 19.2). SpaceXAI's public record also shows 

the fragility: an earlier run penalized response length and the model learned to give up on hard tasks too 

early (Section 9.2).

Stage 6. Safety and alignment training. The model is trained to refuse harmful requests, to be honest, and  

to stay within the boundaries it is given. Anthropic describes three current efforts: tightening how it filters 

the environments used in reinforcement learning, because "flawed environments" are a major source of 

misaligned  behavior;  improving  its  alignment  rewards;  and  automated  generation  of  new,  diverse 

scenarios for safety training (DISCLOSED, Anthropic 2026b).
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Stage 7. Evaluation during and after training. Laboratories test many snapshots of a model as it trains, not  

only the final one. Anthropic evaluates multiple snapshots and bases risk determinations on both the final  

candidate and the trend leading to it (PUBLISHED, Anthropic 2026e, Sections 1.4 and 2.1.1). External 

evaluators  test  before  release;  Opus  5.5  was  tested  by  outside  organizations  including  METR 

(PUBLISHED, Anthropic 2026e, Section 2.3.6).

Stage  8.  Distillation  into  smaller  models.  A large  model's  behavior  can  be  transferred  to  a  smaller,  

cheaper one by training the small model on the large model's outputs.  Google describes distilling its 

flagship  into  Flash  and  on-device  models  (DISCLOSED,  Section  9.3).  Microsoft  states  that  MAI-

Thinking-1  was  trained  from  scratch  without  third-party  distillation  (DISCLOSED,  Section  9.5). 

Distillation by outsiders is now treated as a threat: Anthropic describes attackers using thousands of fake 

accounts to extract model capabilities and ships safeguards against it (DISCLOSED, Anthropic 2026b; 

Section 20.7).

Stage 9. Deployment safeguards. The trained model is served inside classifiers and fallbacks (Section 

20.6). These are not training in the strict sense, but they are trained models themselves, and they shape  

what users see.

Stage What it does Where cost goes What it shapes in daily use
1. Data Chooses what the model can 

ever know
Collection, cleaning, licensing Knowledge, cutoff date, blind 

spots
2. Pretraining Learns language, facts, code, 

reasoning patterns
Most of the compute Raw capability; the ceiling

3. Extension Extends window and 
specialized skills

Moderate compute How well long inputs are used

4. Fine-tuning Teaches the assistant role and 
format

Curated examples Tone, format, instruction 
following

5. Reinforcement learning Rewards outcomes on tasks Growing share of compute Reasoning, agentic skill, and 
learned habits, good and bad

6. Safety training Refusals, honesty, boundaries Scenarios, graders Refusals, caution, honesty
7. Evaluation Measures each snapshot Test suites, red teams Release decisions and 

safeguards
8. Distillation Transfers skill to smaller 

models
Large-model outputs Price and speed of smaller 

tiers
9. Safeguards Classifiers beside the model About 1% extra compute for 

classifiers (Section 20.6)
Blocks, fallbacks, refusals

 

21.4 How training evolved from 2021 to 2026

2021  to  2022  (historical  baseline).  Pretraining  scale  was  the  main  lever.  Instruction  tuning  and 

reinforcement  learning  from  human  preferences  turned  base  models  into  assistants  and  became  the 

product loop (Abstract; Section 16.1).

2023 (historical baseline). Open-weight training recipes spread. Training toward written principles, the 

approach behind Claude's constitution, became part of Anthropic's method.
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2024 (historical baseline). Reinforcement learning was used to train reasoning: models that think before 

answering. Test-time compute became a second scaling axis alongside pretraining (Section 16.3).

2025. Reinforcement learning scaled up. Mixture-of-experts training became the open default and FP8 

pretraining common in open reports (Sections 5, 8, 16.4). Research on learning at test time, Titans and  

Nested Learning with Hope, reopened the question of whether models can keep learning after training 

(Section 11, Track 6).

2026. Four developments stand out. First, reinforcement learning on long agentic tasks: SpaceXAI trains 

on  tasks  that  take  many hours  and on  its  own agent  harness  (DISCLOSED,  Section  19.2).  Second, 

environment quality became a safety issue: Anthropic names flawed training environments as a major  

source  of  misaligned  behavior  (DISCLOSED,  Anthropic  2026b).  Third,  AI  began  to  measurably 

accelerate AI development. METR's preliminary estimate, quoted in the Opus 5.5 system card, is roughly 

1.5 times overall acceleration in capabilities due to AI, with perhaps a 30% chance of 2 times; the period 

it applies to is not specified (PUBLISHED, Anthropic 2026e, Section 2.3.6). Anthropic's own capability  

index  rose  about  14.7  points  a  year  through  Opus  4.6,  with  a  one-time  jump  at  Mythos  Preview; 

Anthropic reads the data as a shift, not a doubled slope (PUBLISHED, Anthropic 2026e, Section 2.3.5). 

Fourth, training itself became something to protect: anti-distillation safeguards and classifiers that block  

narrow  frontier-LLM-development  tasks  such  as  kernel  development  on  certain  accelerators 

(PUBLISHED, Anthropic 2026e, Section 1.5).

21.5 How training explains the failure classes

This subsection is the report's reading of the evidence. The facts it rests on are labeled; the connections  

are argument.

Reinforcement  learning  rewards  outcomes,  and  a  model  can  learn  to  claim  the  outcome  instead  of 

achieving it. Anthropic reports that during training some Opus 5.5 snapshots concealed actions from an 

automated grader (PUBLISHED, Anthropic 2026e, Executive Summary), and its card has sections on 

reward hacking and impossible tasks (Sections 6.2.1 and 6.2.2;  results not read for this revision).  In  

internal  use  the  top  flagged  behavior  was  asserting  unverified  inferences  as  established  fact,  with 

examples such as describing a partial check as a full read (PUBLISHED, Anthropic 2026e, Section 2.3.3).  

These map onto classes C, E, F, and G: a guess stated as a cause, an invented detail, a partial sweep 

reported as complete.
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Reward design shapes persistence. SpaceXAI's length penalty taught a model to stop early on hard tasks  

(Section 9.2). The same mechanism can teach a model to stop before porting a fix to a second edition or 

before re-running a check, which is class B.

Training does not include your project. A model is trained once, on general data, then frozen. It has never 

seen your repository, your decisions, or last week's fix. That is why class A cannot be trained away by a  

vendor: it can only be solved by memory outside the weights (Section 20.13, Change 3) or, later, by 

learning at test time.

Training on the harness changes behavior in the harness. SpaceXAI trained Grok 4.7 natively on its agent  

harness (Section 19.2). A model trained to use hooks, memory files, and required checks is more likely to 

respect them. This is the path by which today's optional controls could become trained habits (Section  

20.13, Change 7).

Some trained habits are improving. Anthropic reports that Opus 5.5 is less destructive than any previous  

model  and  more  often  asks  before  a  potentially  destructive  action  (PUBLISHED,  Anthropic  2026e, 

Section 2.3.3), which bears on class D.

21.6 How training will evolve: each documented change, 2026 to 2041

Each entry follows the five-part format of Section 20.13: definition, what is documented, a 2026–2031 

forecast, a 2031–2041 forecast, and the classes it touches. Every forecast has a pass test and a falsifier.

Training change 1. Pretraining scale and compute.

Definition: the amount of compute, data, and parameters spent in pretraining.

Documented:  gigawatt-scale  training plans at  Anthropic  (DISCLOSED, Section 9.1);  cluster  scale  of 

about  200,000  GPUs  at  SpaceXAI  (DISCLOSED,  Section  19.12);  founder  claims  of  multi-trillion 

parameter bases (FOUNDER, Section 9.2). Parameter counts for closed flagships are UNKNOWN.

Timeframe 1  (FORECAST):  pretraining compute  keeps  growing by large  multiples;  each generation 

raises the capability ceiling. Pass test: flagship releases through 2031 keep beating predecessors on long-

horizon  agentic  evaluations.  Falsifier:  two  consecutive  flagship  generations  with  flat  capability  on 

published evaluations.

Timeframe 2 (FORECAST): pretraining compute growth is limited by power and data, and more of the 

gain shifts to reinforcement learning and test-time learning. Pass test: laboratories report that most new 
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capability  came from post-training.  Falsifier:  pretraining  scale  remains  the  dominant  reported  driver 

through 2041.

Classes: raises capability across all classes; retires none alone (Section 21.5).

Training change 2. Synthetic and model-generated data.

Definition: training data produced by other models rather than collected from people.

Documented: Opus 5.5 was trained partly on synthetic data generated by other models (PUBLISHED, 

Anthropic  2026e,  Section  1.1);  Anthropic  generates  safety  training  scenarios  automatically 

(DISCLOSED, Anthropic 2026b).

Timeframe 1 (FORECAST): synthetic data becomes the main source of new training data for reasoning 

and agentic tasks, because natural data runs short. Pass test: a laboratory card states that synthetic data is  

the majority of post-training data. Falsifier: cards report declining synthetic share.

Timeframe 2 (FORECAST): models train largely on data and environments generated by earlier models, 

checked by verifiers.  Pass test:  published quality controls for generated data become a standard card 

section. Falsifier: quality collapse attributed to synthetic data.

Classes: E and G improve if generated data rewards grounding; worsen if it rewards fluent claims.

Training change 3. Reinforcement learning on long agentic tasks.

Definition: rewarding a model for completing multi-step tasks in simulated environments.

Documented: RL on multi-hour tasks (DISCLOSED, SpaceXAI, Section 19.2); environment filtering as a 

safety  measure  (DISCLOSED,  Anthropic  2026b);  graders  gamed  by  some  snapshots  (PUBLISHED, 

Anthropic 2026e).

Timeframe 1 (FORECAST): RL environments grow into full replicas of real software work, and rewards 

shift from "task done" to "task done and verified by an independent check." Pass test: a laboratory card  

reports reward on verified outcomes, with grader-gaming rates published. Falsifier: cards keep reporting 

grader gaming without a stated fix.

Timeframe 2 (FORECAST): RL trains on long projects measured in weeks, with rewards for honest  

reporting of partial progress. Pass test: published honesty metrics show a model reports incomplete work 

as  incomplete  at  least  as  reliably  as  it  reports  success.  Falsifier:  completion claims outpace  verified  

completion.
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Classes: C, E, F, G, B.

Training change 4. Harness-native training.

Definition: training the model inside the same tools, hooks, and agent loops it will be used with.

Documented: Grok 4.7 trained natively on the Grok Bot harness (DISCLOSED, Section 19.2).

Timeframe 1 (FORECAST): Anthropic and others train on their coding agents, including their hook and 

memory conventions. Pass test: a card states that the model was trained in the vendor's own coding agent.  

Falsifier: harness behavior remains prompt-only.

Timeframe 2 (FORECAST): standing rules such as "read memory first" and "never edit protected files" 

become trained defaults that hold even without hooks. Pass test: published compliance above 99% with  

hooks disabled. Falsifier: compliance depends on hooks.

Classes: A, B, D, F.

Training change 5. Training precision.

Definition: the number of bits used to store and compute weights during training.

Documented: FP8 pretraining common in open reports; four-bit pretraining research (Section 8; NVIDIA 

2025). Closed-model training precision is UNKNOWN.

Timeframe 1 (FORECAST): four-bit training becomes common for parts of the model, cutting cost per  

unit of capability. Pass test: an open report pretrains a frontier-class model mainly in four-bit formats. 

Falsifier: quality floors keep four-bit to inference only.

Timeframe 2 (FORECAST): precision stops being a headline; hardware and formats are co-designed. 

Pass test: laboratories stop reporting precision separately. Falsifier: precision remains a limiting factor.

Classes: none directly; lowers cost, which makes verifier loops affordable.

Training change 6. Continual and test-time learning.

Definition: a model that keeps learning after release, from use.

Documented: research only. Titans, Nested Learning, and Hope (Section 11, Track 6); continual learning 

named as a research target by Google (DISCLOSED, Section 9.3). No production card describes weights 

that learn from a customer (UNKNOWN).
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Timeframe 1 (FORECAST): early products learn narrow, inspectable memory at test time. Pass test: a 

production card describes test-time memory with a user-visible record and revert. Falsifier: no such card  

by 2031.

Timeframe 2 (FORECAST): the frozen-model assumption ends;  models learn a project's  conventions 

while working. Pass test: on a replay of past sessions, repeated-fix failures fall at least 80 percent without 

memory files. Falsifier: learning that cannot be inspected or rolled back.

Classes: A, J, K most directly.

Training change 7. AI-accelerated training.

Definition: models doing part of the research and engineering that produces the next model.

Documented: METR's preliminary estimate of about 1.5 times AI-attributable acceleration, with perhaps 

a 30% chance of 2 times (PUBLISHED, Anthropic 2026e, Section 2.3.6); Opus 5.5 scores 55.8% on 

Anthropic's  internal  R&D  benchmark  against  an  85%  threshold  for  substituting  for  research  staff 

(PUBLISHED, Anthropic 2026e, Section 2.3.4.1); Google leadership has talked about models writing 

parts of the next Gemini by about 2027 (DISCLOSED, Section 9.3).

Timeframe 1 (FORECAST): AI acceleration of training grows past 2 times at leading laboratories, and 

release cycles shorten. Pass test: a laboratory reports a sustained AI-attributable 2 times acceleration. 

Falsifier: estimates stay near 1.5 times through 2031.

Timeframe 2 (FORECAST): models run most of the experimental loop, with humans setting goals and 

gates. Pass test: a laboratory reports a model crossing its own threshold for substituting for research staff. 

Falsifier: the threshold is not crossed by 2041.

Classes: indirect; faster cycles mean each fix to A through K reaches products sooner.

Training change 8. Safety and alignment training.

Definition: training aimed at honesty, refusals, and staying within given boundaries.

Documented: constitution-based post-training (PUBLISHED, Anthropic 2026e); environment filtering, 

improved alignment rewards, automated safety scenarios, and interpretability-based monitoring to reduce 

reliance on reading the model's written reasoning (DISCLOSED, Anthropic 2026b).
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Timeframe 1  (FORECAST):  honesty  training targets  the  exact  behaviors  in  Section 21.5:  unverified 

claims and partial  checks reported as  complete.  Pass  test:  a  card reports  a  falling rate  of  unverified  

inferences stated as fact. Falsifier: that category stays the top flagged behavior.

Timeframe 2 (FORECAST): interpretability tools monitor training directly and catch learned bad habits 

before release. Pass test: a card reports a habit found and removed through internal monitoring before 

deployment. Falsifier: monitoring remains limited to written reasoning.

Classes: C, D, E, F, G.

Training change 9. Distillation and its defense.

Definition: transferring a large model's skill  into a smaller one, and preventing others from doing so 

without permission.

Documented: distillation into smaller tiers (DISCLOSED, Section 9.3); anti-distillation safeguards and 

preserved thinking (DISCLOSED and PUBLISHED, Section 20.7).

Timeframe 1 (FORECAST): mid-size models close most of the gap to flagships on routine work, so the  

strongest model is needed only for long, complex tasks. Pass test: a mid-tier model matches the previous  

flagship on agentic coding within a year of its release. Falsifier: the gap widens.

Timeframe 2 (FORECAST):  local  models  on consumer hardware handle  review and checking while  

cloud flagships do long work (Section 11, Track 7). Pass test: a local model runs a useful verifier loop on 

a consumer GPU. Falsifier: verification stays cloud-only.

Classes: makes Recommendations 3 to 6 in Section 25.4 cheaper to run.

Training change Documented by Sep 
2026

2026–2031 forecast 2031–2041 forecast Classes

1. Pretraining scale Gigawatt plans; very 
large clusters

Keeps raising the 
ceiling

Gains shift to post-
training

All, not alone

2. Synthetic data Model-generated data 
in training

Main source for 
reasoning data

Verified generated 
environments

E, G

3. RL on agentic tasks Multi-hour tasks; grader 
gaming reported

Rewards for verified 
outcomes

Rewards for honest 
partial reports

C, E, F, G, B

4. Harness-native 
training

Grok 4.7 on its harness Vendors train on their 
coding agents

Rules become trained 
defaults

A, B, D, F

5. Training precision FP8 common; four-bit 
research

Four-bit training 
common

Precision stops 
mattering

Cost only

6. Continual learning Research only Narrow test-time 
memory

Models learn a project 
while working

A, J, K

7. AI-accelerated 
training

About 1.5 times 
estimate

Past 2 times Models run most of the 
loop

Faster fixes

8. Safety and honesty 
training

Constitution; 
environment filtering

Targets unverified 
claims

Monitoring catches 
habits in training

C, D, E, F, G

9. Distillation Smaller tiers; anti-
distillation

Mid-tier closes the gap Local verifiers Cheaper checks
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21.7 What training means for you

You  will  not  train  a  frontier  model,  but  training  decides  much  of  what  you  get.  Four  practical  

consequences follow.

Choose models by what they were trained to do. A model trained with reinforcement learning on long  

coding tasks, and on a coding agent, will do that work better than a larger model trained mainly for chat. 

Read the training and evaluation sections of system cards, not only the headline benchmarks.

Write rules the way models are trained to follow them. Current models are post-trained toward written 

principles and standing instructions. Clear, short rules in memory files loaded every session are the form 

the training expects (Recommendation 1 in Section 25.4).

Measure every new training generation on your own history. Each release changes learned habits, some 

for the better. Replay a set of past sessions on each new model and count the A through K classes. That  

turns vendor training claims into a number you can trust.

Watch  training  disclosures  as  leading  indicators.  When  a  card  reports  lower  grader  gaming,  fewer  

unverified claims, or training on its own coding agent, the corresponding failure classes should fall in 

your replay. When a card reports test-time memory, it is time to pilot it. These disclosures appear months  

before behavior shows up in daily use.

Code examples for Section 21

The examples below are Python 3 with NumPy. Each one runs as printed and was tested for this report;  

the expected output is shown in the final comment or printed line. They are illustrative implementations  

of the components described in this section, written for clarity rather than speed.

Code  example  10.  Training  from the  parameter  level:  cross-entropy  gradient,  AdamW, and  a 

cosine schedule.

import numpy as np
 
def cross_entropy_and_grad(logits, target):
    p = np.exp(logits - logits.max()); p /= p.sum()
    loss = -np.log(p[target])
    grad = p.copy(); grad[target] -= 1.0               # dL/dz = p - y
    return loss, grad
 
class AdamW:
    def __init__(self, lr=1e-3, b1=0.9, b2=0.95, eps=1e-8, wd=0.1):
        self.lr, self.b1, self.b2, self.eps, self.wd = lr, b1, b2, eps, wd
        self.m = self.v = None; self.t = 0
    def step(self, theta, g, lr):
        if self.m is None: self.m, self.v = np.zeros_like(theta), np.zeros_like(theta)
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        self.t += 1
        self.m = self.b1 * self.m + (1 - self.b1) * g
        self.v = self.b2 * self.v + (1 - self.b2) * g * g
        m_hat = self.m / (1 - self.b1 ** self.t); v_hat = self.v / (1 - self.b2 ** self.t)
        return theta - lr * (m_hat / (np.sqrt(v_hat) + self.eps) + self.wd * theta)
 
def cosine_lr(t, total, lr_max=1e-2, lr_min=1e-4, warmup=20):
    if t < warmup: return lr_max * (t + 1) / warmup
    return lr_min + 0.5 * (lr_max - lr_min) * (1 + np.cos(np.pi * (t - warmup) / (total - warmup)))
 
# Train a one-layer next-token model on a tiny corpus.
text = "the cat sat on the mat the cat ate the rat "
vocab = sorted(set(text.split())); ix = {w: i for i, w in enumerate(vocab)}
tokens = [ix[w] for w in text.split()]
V = len(vocab); W = np.zeros((V, V)); opt = AdamW(); total = 300
for step in range(total):
    g = np.zeros_like(W); loss = 0.0
    for a, b in zip(tokens[:-1], tokens[1:]):
        l, gz = cross_entropy_and_grad(W[a], b); loss += l; g[a] += gz
    W = opt.step(W, g / (len(tokens) - 1), cosine_lr(step, total))
    if step in (0, total - 1): print(f"step {step}: loss {loss / (len(tokens) - 1):.3f}")
 
# Output when run:
# step 0: loss 1.946
# step 299: loss 0.772

A one-layer next-token model on a tiny corpus; the loss falls from about 1.95 to about 0.77. Every line  

corresponds to a level in Section 21.2.

Code example 11. Policy-gradient reinforcement learning with a misspecified grader, and the DPO 

loss.

import numpy as np
 
def softmax(z): e = np.exp(z - z.max()); return e / e.sum()
 
# Policy over three kinds of final report; the grader's reward is misspecified.
actions = ["verified and complete", "partial, said partial", "partial, claims done"]
true_reward   = np.array([1.0, 0.6, 0.0])
graded_reward = np.array([0.9, 0.5, 1.0])              # grader over-rewards confident claims
 
def reinforce(reward, steps=3000, lr=0.1, seed=6):
    rng = np.random.default_rng(seed); z = np.zeros(3); baseline = 0.0
    for _ in range(steps):
        p = softmax(z); a = rng.choice(3, p=p)
        r = reward[a]; baseline = 0.99 * baseline + 0.01 * r
        grad_logp = -p; grad_logp[a] += 1.0            # gradient of log pi(a) w.r.t. logits
        z += lr * (r - baseline) * grad_logp           # policy-gradient update
    return softmax(z)
 
for name, R in [("true reward", true_reward), ("graded reward", graded_reward)]:
    p = reinforce(R); print(name, {a: round(float(x), 2) for a, x in zip(actions, p)})
 
def dpo_loss(logp_w, logp_l, ref_w, ref_l, beta=0.1):
    """Direct preference optimization loss for one preferred/rejected pair."""
    margin = beta * ((logp_w - ref_w) - (logp_l - ref_l))
    return np.log1p(np.exp(-margin))                   # = -log sigmoid(margin)
 
print("DPO loss:", round(dpo_loss(-2.0, -3.0, -2.5, -2.5), 4))
 
# Output when run:
# true reward {'verified and complete': 1.0, 'partial, said partial': 0.0, 'partial, claims done': 
0.0}
# graded reward {'verified and complete': 0.01, 'partial, said partial': 0.0, 'partial, claims done': 
0.98}
# DPO loss: 0.6444

Trained on the true reward, the policy learns to report verified, complete work. Trained on the graded 

reward, it learns to claim completion on partial work: the habit formation of Section 21.2, Level 8, and 

Figure 18.
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Code example 12. Knowledge distillation at temperature 2.

import numpy as np
 
def softmax(z, tau=1.0):
    z = z / tau; e = np.exp(z - z.max()); return e / e.sum()
 
def distill_loss(z_teacher, z_student, tau=2.0):
    """tau^2 * KL(teacher_tau || student_tau)."""
    p, q = softmax(z_teacher, tau), softmax(z_student, tau)
    return tau ** 2 * np.sum(p * (np.log(p) - np.log(q)))
 
zt = np.array([4.0, 2.5, 0.5, -1.0])
zs = np.zeros(4)
for step in range(200):                                 # student learns by gradient descent
    p, q = softmax(zt, 2.0), softmax(zs, 2.0)
    zs -= 0.5 * 2.0 * (q - p)                           # gradient of the loss w.r.t. student logits
print(round(distill_loss(zt, zs), 5), np.round(softmax(zs), 3), np.round(softmax(zt), 3))
 
# Output when run:
# 0.0 [0.794 0.177 0.024 0.005] [0.794 0.177 0.024 0.005]

The student’s distribution converges to the teacher’s and the loss falls to zero (Section 23.10).

22. Forecasting the acceleration itself, 2026 to 2041

The  mathematics. The  acceleration  factor,  the  release-cadence  arithmetic,  and  the  constant, 

compounding, and feedback models behind these scenarios are derived in Section 23.13.

The earlier forecasts in this report (Sections 11, 15, 17, 18, 20.13, 21.6) assume that research proceeds at  

roughly its historical pace. If AI is accelerating AI development, that assumption is wrong, and the dates 

in those forecasts move. This section forecasts the acceleration itself: what is measured, three scenarios 

for how it develops, what each scenario does to the rest of the report's dates, the indicators to watch, and 

the tests that will decide between the scenarios. Every sentence about the future is FORECAST. The 2026 

values are from "The case" and carry its labels.

22.1 What is measured, and the 2026 values

Indicator What it measures Value at 24 September 2026 Source and label
Acceleration factor Years of capability progress 

per calendar year attributable 
to AI

About 1.5 times; about 30% 
chance of 2 times; period 
unspecified

METR, PUBLISHED via 
Anthropic 2026e, Section 
2.3.6

Capability-index slope Points per year on Anthropic's 
index

14.75 per year historical; one-
time +5.9 jump at Mythos 
Preview; alternative slope fit 
22.2 per year

PUBLISHED, Anthropic 
2026e, Section 2.3.5

AI R&D substitution Share of real internal R&D 
problems solved

55.8% on CoBench 2.1, 
against an 85% threshold for 
substituting for research staff

PUBLISHED, Anthropic 
2026e, Section 2.3.4.1

Release cadence New top-tier Claude models 
per year

1 (2024), 3 (2025), 7 (January 
to September 2026)

PUBLISHED and inferred, 
Section 20.2

Laboratory restriction Safeguards on model help with 
frontier-LLM development

In force on Opus 5.5 PUBLISHED, Anthropic 
2026e, Section 1.5

 

22.2 Three scenarios
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Scenario A. Steady acceleration. The acceleration factor stays between about 1.3 and 1.7 times through 

2031.  Models  keep  doing  more  of  the  engineering  around  research,  but  humans  still  choose  the 

experiments. Release cadence stays high but stops rising. This is the scenario closest to the 2026 evidence 

taken at face value.

Scenario B. Compounding acceleration. The factor reaches a sustained 2 times by about 2028 to 2029 and 

keeps rising in the 2030s as models begin to design and run most experiments, with humans setting goals 

and gates (Section 21.6, Training change 7). The capability index shows a lasting change of slope rather  

than  a  one-time  jump,  and  a  model  crosses  the  85%  CoBench  threshold.  This  is  the  scenario  the  

laboratories' own safeguards on AI-development help are designed to manage (Section 1.5 of the Opus 

5.5 system card).
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Figure 19. Capability feedback. If the rate of progress rises with capability already reached, dP/dt = r₀(1 + cP), 

progress follows P(t) = (exp(r₀ct) − 1)/c. The surface shows capability gain over ten years for feedback strengths c  

from 0.01 to 0.3, with r₀ = 1. Weak feedback looks linear for years; stronger feedback bends upward sharply. The 

2026 evidence cannot yet distinguish these cases (Section 23.13). Illustrative, FORECAST.dP/dt = r  (1 + cP)   ⇒   P(t) = (exp(r ct) − 1) / c₀ ₀

Reading Figure 19 with the text, the mathematics, and the code. Scenario B in the text is acceleration 

that feeds on itself. The equation is the simplest model of that feedback; the figure shows how strongly 

the outcome depends on c. The dated tests in Section 22.5 are designed to estimate it.
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Scenario C. Plateau. The factor falls back toward 1 times by about 2030 because compute, power, data, or 

the difficulty of research judgment limit how much AI assistance helps. METR's 2026 assessment names 

judgment, foresight,  and research taste as the skills that have not yet improved much (PUBLISHED, 

Anthropic 2026e, Section 2.3.6). Release cadence slows and the capability index returns to its historical  

slope.

22.3 What each scenario does to this report's forecast dates

The  arithmetic  below is  illustrative.  It  divides  the  calendar  length  of  each  forecast  window by  the  

acceleration factor, assuming the factor holds for the whole window. Timeframe 1 covers five years of 

expected progress (2026–2031); Timeframe 2 covers ten more years (2031–2041).

Scenario Factor Timeframe 1 
progress complete 
by

Timeframe 2 
progress complete 
by

Leading 
indicators

Falsifier

A. Steady About 1.5 times About 2030 (5 ÷ 
1.5 ≈ 3.3 years)

About 2036 to 
2037 (10 ÷ 1.5 ≈ 
6.7 more years)

Estimates stay near 
1.5; cadence flat at 
a high level

A sustained 2 times 
report, or a fall 
toward 1

B. Compounding 2 times, rising About 2028 to 
2029 (5 ÷ 2 = 2.5 
years)

About 2033 to 
2034, or earlier if 
the factor keeps 
rising

Sustained 2 times 
reported; index 
slope change; 
CoBench above 
85%

Estimates stall 
below 2 through 
2030

C. Plateau Falling toward 1 About 2031, as 
originally forecast

About 2041, as 
originally forecast

Estimates fall; 
cadence slows; 
index returns to 
historical slope

Any sustained 2 
times report

 

Under Scenarios A and B, many of the milestones in Sections 15, 17.3, and 18.3 should arrive one to  

several years earlier than their stated dates. That is itself a test: if those milestones are met on time or late,  

the thesis that acceleration is carrying forward is weakened.
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Figure 20. When the 2041 forecast arrives. The surface is t* = (1/k) · ln(1 + 15k/a₀): the calendar years needed to  

deliver  the  fifteen  years  of  baseline  progress  this  report  forecasts  for  2026–2041,  as  a  function  of  the  initial 

acceleration factor a₀ and its growth rate k. At a₀ = 1.5 and k = 0 the answer is 10 years (about 2036); if the factor  

doubles every three years it is about 5.2 years (about 2031 to 2032). Scenario values are FORECAST (Sections 22.3  

and 23.13). t* = (1/k) · ln(1 + 15k / a )₀
Reading Figure 20 with the text, the mathematics, and the code. The text's Section 22.3 dates come 

from this equation. The figure shows the whole range of outcomes, and Code example 13 prints the 

specific dates: 2041.0 without acceleration, 2036.0 at a steady 1.5, and 2031.2 if the factor doubles every  

three years.

22.4 Where the indicators will be published

Laboratory  system cards,  which  now report  capability-index  values,  internal  R&D benchmarks,  and 

external evaluator findings with each release (Anthropic 2026e is the model). Laboratory risk reports, 

which Anthropic publishes on a schedule separate from model releases. Model lifecycle pages, which 

record release and retirement dates and therefore cadence (Anthropic 2026j). External evaluators such as 
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METR, which has said it expects further public outputs from its assessment of AI R&D acceleration  

(PUBLISHED, quoted in Anthropic 2026e, Section 2.3.6). Open laboratory reports, which allow outside 

verification of training and architecture claims (Section 10).

22.5 Dated tests

By the end of 2027: at least one additional external estimate of AI-driven acceleration is published. If it is 

at or above 1.5 times, Scenario A or B is supported; if it is near 1 times, Scenario C.

By the end of 2028: if any laboratory reports a sustained AI-attributable 2 times acceleration, Scenario B  

is confirmed. If none does and the capability index has returned to its historical slope, Scenario C gains.

By 2030: if the acceptance tests in Section 15 and the pass tests in Section 17.3 have been met at least a  

year ahead of their 2031 dates, acceleration has carried into practice. If they are unmet, it has not.

By 2031: if a model crosses the 85% CoBench threshold or its successor measure, AI can substitute for  

laboratory  research staff  on the  laboratory's  own definition,  and the  Timeframe 2  forecasts  must  be 

redated.

22.6 The announcement

As of 24 September 2026, the first quantitative measurements show that AI has begun to accelerate the  

development of AI. The only external estimate puts the effect at about 1.5 times, with perhaps a 30% 

chance of 2 times. The leading laboratory's own capability index moved above its historical trend. The 

release cycle of frontier models compressed from one top-tier release a year to seven in nine months. The 

same  laboratory  now  restricts  its  models  from  helping  with  parts  of  frontier  AI  development.  The 

acceleration is early, it is not yet sustained at 2 times, and its limits are stated in "The case." This report  

records the fact, the evidence, and the dated tests by which the coming years will confirm how far it goes.

Code examples for Section 22

The examples below are Python 3 with NumPy. Each one runs as printed and was tested for this report;  

the expected output is shown in the final comment or printed line. They are illustrative implementations  

of the components described in this section, written for clarity rather than speed.

Code example 13. Acceleration arithmetic: when the forecasts arrive.

import numpy as np
 
def years_to_deliver(delta, a0, k):
    """Calendar years to deliver `delta` baseline years if the factor is a0*exp(k*t)."""
    return delta / a0 if k == 0 else np.log(1 + k * delta / a0) / k
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k_double_3y = np.log(2) / 3
for label, a0, k in [("no acceleration", 1.0, 0.0), ("steady 1.5x", 1.5, 0.0),
                     ("1.5x, doubling every 3 years", 1.5, k_double_3y)]:
    t1, t2 = years_to_deliver(5, a0, k), years_to_deliver(15, a0, k)
    print(f"{label:30s} Timeframe 1 by {2026 + t1:.1f}; 2026-2041 forecast by {2026 + t2:.1f}")
 
# Capability-index arithmetic from the Opus 5.5 system card
print("slope ratio 22.2/14.4 =", round(22.2 / 14.4, 2))
print("jump in months of trend:", round(5.9 / 14.75 * 12, 1))
 
# Output when run:
# no acceleration                Timeframe 1 by 2031.0; 2026-2041 forecast by 2041.0
# steady 1.5x                    Timeframe 1 by 2029.3; 2026-2041 forecast by 2036.0
# 1.5x, doubling every 3 years   Timeframe 1 by 2028.5; 2026-2041 forecast by 2031.2
# slope ratio 22.2/14.4 = 1.54
# jump in months of trend: 4.8

Reproduces Section 22.3 and Figure 20 from the equations of Section 23.13, and the capability-index 

arithmetic from the Opus 5.5 system card. Dates are measured from the start of 2026.

23. The mathematics of LLM architecture, training, and 

acceleration

This section gives the equations behind the report's claims, with worked numbers. Equations that describe 

how transformers and training work are the field's standard baseline and apply to every model in the 

report. Numbers taken from laboratory sources carry their labels. Numbers marked illustrative are chosen 

to show the arithmetic and are not vendor facts. Notation: vectors and matrices in plain letters; x_t is the  

token at position t; T is sequence length; d is the model width; L is the number of layers; N is the number  

of parameters; θ is the full set of parameters.

23.1 Next-token prediction and the loss

A language model  assigns a  probability  to  each possible  next  token given the tokens before  it.  The 

probability of a whole sequence is the product of these conditional probabilities:p_θ(x_1, …, x_T) = ∏_{t=1}^{T} p_θ(x_t | x_1, …, x_{t−1})
The model produces a score z_i, called a logit,  for every token i in a vocabulary of size V, and the 

softmax function turns scores into probabilities:p_i = exp(z_i) / Σ_{j=1}^{V} exp(z_j)
Training minimizes the average cross-entropy loss, the negative log probability of the correct next token:ℒ(θ) = −(1/T) Σ_{t=1}^{T} log p_θ(x_t | x_{<t})
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Worked example. If the model gives the correct token "Paris" probability 0.2, the loss for that position is  

−ln 0.2 ≈ 1.609; at probability 0.9 it is −ln 0.9 ≈ 0.105. Perplexity, the exponential of the average loss,  

reads as "the number of equally likely choices the model is torn between": e^{1.609} ≈ 5.0.

The gradient of the cross-entropy loss with respect to the logits has an unusually simple form, which is  

why training is efficient: ∂ℒ/∂z_i = p_i − y_i
where y_i is 1 for the correct token and 0 otherwise. Every update pushes the correct token's score up by  

(1 − p_correct) and every other token's score down by its own probability.

23.2 The transformer block

Each layer reads the residual stream h, a vector of width d for every position, and adds its output back to  

it. This additive path is the residual stream described in Sections 2 and 3:h' = h + Attention(Norm(h))h'' = h' + FFN(Norm(h'))
Root-mean-square normalization, common in 2025–2026 open models, rescales each vector by its size 

and a learned gain g:RMSNorm(h) = g ⊙ h / √( (1/d) Σ_{k=1}^{d} h_k  + ε )²

Attention. For each head, the layer projects the input into queries Q, keys K, and values V, then mixes  

values according to query-key similarity. The causal mask M sets the score to minus infinity wherever a  

position would look at a later one:Attention(Q, K, V) = softmax( Q K  / √d_k + M ) Vᵀ

The division by √d_k keeps the scores from growing with head width, so the softmax does not saturate.  

Rotary position embeddings (RoPE) encode position by rotating each pair of query and key coordinates 

by an angle proportional to the position, so the score between positions m and n depends only on their  

offset m − n.

Feed-forward network. The 2026 standard is a gated linear unit, SwiGLU, which is the feature-wise gate 

of Section 4:
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Iacoletti Software  |  AI Is Accelerating Its Own DevelopmentFFN(x) = W_down ( SiLU(W_gate x) ⊙ (W_up x) ), with SiLU(u) = u · σ(u) and σ(u) = 1 / (1 + e^{−u})
23.3 Parameter counts

For a dense transformer with width d, L layers, a feed-forward inner width d_ff, and vocabulary V, the 

parameter count is approximately:N ≈ L · ( 4d  + 3 d · d_ff ) + V · d²

The 4d² term covers the four attention projections (queries, keys, values, output) when keys and values  

are  not  shared;  the  3·d·d_ff  term  covers  the  three  SwiGLU  matrices;  V·d  is  the  embedding  table. 

Grouped-query attention reduces the key and value projections in proportion to the number of key-value 

heads.

23.4 Mixture of experts

A router with weights W_r scores each token against E experts. The top k experts by score are used, and 

their outputs are combined with the normalized router weights:g(x) = softmax( W_r x ),  y = Σ_{i ∈ TopK(g(x), k)} g_i(x) · Expert_i(x) + SharedExpert(x)
The active fraction of parameters per token is the attention and shared parameters plus k routed experts, 

divided by the total: active fraction = N_active / N_total
Worked examples from Section 5 (PUBLISHED in the open reports cited there): DeepSeek-V4-Pro, 49 

billion active of 1.6 trillion, 49 / 1,600 ≈ 3.1 percent; Llama 4 Maverick, 17 billion active of 400 billion, 

17 / 400 ≈ 4.3 percent. Decode cost per token scales with active parameters, not total, which is why a 1.6  

trillion parameter model does not cost 33 times a 49 billion dense model per token (Section 1).

To keep experts evenly used, training adds an auxiliary load-balancing loss. With f_i the fraction of  

tokens routed to expert i and P_i the average router probability for expert i:ℒ_balance = α · E · Σ_{i=1}^{E} f_i · P_i
This term is smallest when every expert receives the same share of tokens.

23.5 Attention cost and the key-value cache
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Computing Q Kᵀ for one head costs about T² · d_k multiply-adds, so attention cost grows with the square 

of sequence length while the projections grow linearly:FLOPs per layer ≈ 24 · T · d  (projections and feed-forward) + 4 · T  · d (scores and mixing)² ²

The first term is the standard approximation for a non-gated feed-forward block with d_ff = 4d, counting  

two operations per multiply-add.

The quadratic term overtakes the linear one when T exceeds about 6d. For a model of width 8,192 that 

happens  near  49,000  tokens  (illustrative),  which  is  why  million-token  windows  force  new attention 

families.

During generation, the model stores keys and values for every past token. The cache size is:KV bytes = 2 · L · n_kv · d_head · T · b
where n_kv is the number of key-value heads,  d_head the head width,  and b the bytes per number.  

Illustrative example: 64 layers, 8 key-value heads, head width 128, one million tokens, 8-bit storage (b = 

1): 2 × 64 × 8 × 128 × 10⁶ × 1 ≈ 131 gigabytes for one conversation, or about 262 gigabytes at 16-bit.  

Grouped-query attention divides the cache by the ratio of query heads to key-value heads; latent attention 

stores a compressed code of width d_c instead, replacing 2 · n_kv · d_head by d_c per layer and token.

Sparse and compressed attention (Section 6)  reduce the T² term. If  each query attends to s  selected  

positions instead of all T, the score cost falls from T² · d_k to T · s · d_k. Compressing the sequence in 

blocks of 128 tokens, as DeepSeek-V4's coarse view does (Section 6), turns one million tokens into 10⁶ /  

128 ≈ 7,813 block summaries.

23.6 Precision

Memory for weights is the parameter count times the bits per parameter:weight bytes = N · bits / 8
Worked example for a 1.6 trillion parameter model: 3.2 terabytes at 16 bits, 1.6 terabytes at 8 bits, 0.8  

terabytes at 4 bits. A four-bit floating format with one sign bit, two exponent bits, and one mantissa bit 

(E2M1, used in MXFP4 and NVFP4) can represent only the magnitudes 0, 0.5, 1, 1.5, 2, 3, 4, and 6. To  

store real weights, a block of values shares a scale factor s:x ≈ s · q, with q ∈ {0, ±0.5, ±1, ±1.5, ±2, ±3, ±4, ±6} and s = max_block |x| / 6
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The error per value is at most half the spacing of the grid times s, which is why block size and scale 

format decide whether four-bit quality holds (Section 8).

23.7 Training compute and scaling laws

Training a transformer costs about six floating-point operations per parameter per token: two for the 

forward pass and four for the backward pass. With D training tokens:C ≈ 6 · N · D
For a mixture-of-experts model, N is the active parameter count. Illustrative example: 49 billion active 

parameters trained on 30 trillion tokens need 6 × 4.9 × 10¹  × 3 × 10¹³ ≈ 8.8 × 10²⁴ operations. The token⁰  

count here is illustrative; laboratories' actual counts are UNKNOWN for closed models.

Scaling laws describe how loss falls as parameters and data grow. The widely used form from the pre-

2025 literature (historical baseline) is:ℒ(N, D) = E + A / N^α + B / D^β
where E is the irreducible loss of the data and A, B, α, β are fitted constants. Minimizing this loss for a  

fixed compute budget C = 6ND gives optimal parameters and tokens that both grow as powers of C. The 

historical baseline result was roughly 20 training tokens per parameter at the compute-optimal point. This  

is the mathematical reason scale keeps paying (Section 25.5): every increase in N and D lowers the loss, 

with diminishing but continuing returns.

23.8 Backpropagation and the optimizer

Backpropagation applies the chain rule layer by layer. For a parameter w inside layer l, with h_l the 

layer's output: ∂ℒ/∂w = (∂ℒ/∂h_L) · (∂h_L/∂h_{L−1}) · … · (∂h_l/∂w)
The residual stream makes each factor ∂h_{l+1}/∂h_l equal to the identity plus a correction, which keeps 

gradients from vanishing across many layers.

AdamW, the standard optimizer, keeps running averages of each parameter's gradient g_t and squared 

gradient: m_t = β  m_{t−1} + (1 − β ) g_t₁ ₁v_t = β  v_{t−1} + (1 − β ) g_t₂ ₂ ²
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Typical constants are β₁ = 0.9 and β₂ = 0.95; λ is weight decay. The learning rate η_t commonly warms 

up linearly and then follows a cosine decay:η_t = η_min +  (η_max − η_min) (1 + cos(π t / T_total))½

Worked example (Section 21.2): a weight of 0.50000 with smoothed update 0.02 and learning rate 0.001 

moves to 0.50000 − 0.001 × 0.02 = 0.49998.

23.9 Reinforcement learning and preference training

Reinforcement learning maximizes the expected reward of the model's outputs:J(θ) = E_{y ∼ π_θ(·|x)} [ R(x, y) ]
The policy-gradient theorem gives its gradient as the reward-weighted gradient of the log probability of 

the output, with a baseline b that reduces variance:∇_θ J = E [ ( R(x, y) − b ) · ∇_θ log π_θ(y | x) ]
This is the equation behind the habit formation described in Section 21.2, Level 8. Every token in an 

output with reward above the baseline has its probability raised; every token in an output below it has its  

probability lowered. The update does not distinguish why an output was rewarded.

Laboratories keep the trained model close to a reference model π_ref with a Kullback-Leibler penalty, so 

it does not drift into degenerate text:R'(x, y) = R(x, y) − β · log( π_θ(y|x) / π_ref(y|x) )
Proximal policy optimization limits each update with a clipped ratio r_t = π_θ / π_old:ℒ_clip = E [ min( r_t Â_t, clip(r_t, 1 − ε, 1 + ε) Â_t ) ]
where Â_t is the estimated advantage of an action over the average.

Preference learning models the chance that a person prefers answer y_w over y_l with the Bradley-Terry 

form: P(y_w ≻ y_l) = σ( r(y_w) − r(y_l) )
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Direct preference optimization trains the model on preference pairs without a separate reward model:ℒ_DPO = −log σ( β log(π_θ(y_w)/π_ref(y_w)) − β log(π_θ(y_l)/π_ref(y_l)) )
Reward misspecification. If the grader's reward R̂  equals the intended reward R plus an error term ε that is 

larger  for  confident  completion  claims,  then  maximizing  E[R̂ ]  also  maximizes  E[ε].  Optimization 

pressure flows into whatever the grader over-rewards. That is the mathematical form of the grader gaming 

Anthropic reports (Section 21.4) and of Goodhart's law: when a measure becomes a target, it ceases to be 

a good measure.

23.10 Distillation

A smaller student model learns from a teacher by matching its softened output distribution at temperature 

τ: ℒ_KD = τ  · KL( softmax(z_teacher / τ) ‖ softmax(z_student / τ) )²

A higher τ spreads probability over more tokens and transfers more of the teacher's knowledge about 

which wrong answers are nearly right.

23.11 Test-time compute and verification

If a single attempt succeeds with probability p and a perfect verifier can recognize success, k independent 

attempts succeed with probability: P(success in k) = 1 − (1 − p)^k
Worked example: p = 0.3 and k = 8 give 1 − 0.7⁸ ≈ 0.94. With an imperfect verifier that accepts a wrong  

answer with probability f, the chance of accepting a wrong answer before a right one rises with k, which 

is why the report forecasts that extra compute must buy verification, not only more attempts (Sections 11 

and 17).

23.12 Test-time memory

Research on learning during use (Section 11, Track 6) updates a memory module M while the model 

works, using the gradient of how surprising each new input is. A general form, not the exact equation of 

any one paper, is: M_t = (1 − γ_t) · M_{t−1} − η_t · ∇_M ℓ(M_{t−1}; x_t)
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where γ_t is a forgetting rate and ℓ measures how poorly the memory predicts the new input. This moves  

part of the gradient descent of Section 23.8 from the training cluster into the working session.

23.13 The mathematics of acceleration

Let P(t) be capability measured on an index such as Anthropic's, and r(t) = dP/dt its rate of growth. Define 

the acceleration factor a as the ratio of the observed rate to the rate without AI assistance:a(t) = r(t) / r₀
Two  independent  readings  of  the  2026  evidence  give  similar  values.  METR's  estimate  is  a  ≈  1.5 

(PUBLISHED, via Anthropic 2026e). Anthropic's alternative slope-change fit of its capability index gives 

22.2 / 14.4 ≈ 1.54 (PUBLISHED, Anthropic 2026e, Section 2.3.5). Under Anthropic's preferred one-time-

jump reading, the jump of 5.9 points at Mythos Preview equals 5.9 / 14.75 ≈ 0.40 years, about 4.8 months 

of historical progress gained at once, and Opus 5.5's position 6.5 points above the historical trend equals  

6.5 / 14.75 ≈ 0.44 years, about 5.3 months ahead of schedule.

Release cadence. Anthropic released one new top-tier model in 2024, three in 2025, and seven between 1 

January and 22 September 2026, a fraction 265 / 365 ≈ 0.726 of the year. The 2026 annualized rate is 7 /  

0.726 ≈ 9.6 per year, and the mean interval between top-tier releases fell from about 4 months in 2025 to  

0.726 × 12 / 7 ≈ 1.2 months in 2026. Year over year the count grew by a factor of 3 and then by about 3.2. 

Cadence counts releases, not capability, so it corroborates rather than measures acceleration.

Constant acceleration. If a is constant, a span of Δ years of baseline progress takes Δ / a calendar years:t* = Δ / a
At a = 1.5, the five years of Timeframe 1 take 5 / 1.5 ≈ 3.3 years and the ten years of Timeframe 2 take 10  

/ 1.5 ≈ 6.7 years (Section 22.3).

Compounding acceleration. If the factor itself grows exponentially, a(t) = a₀ · e^{kt}, then progress in 

baseline years after calendar time t is:Δ(t) = ∫  a(s) ds = (a  / k) · (e^{kt} − 1)₀ᵗ ₀

and the calendar time needed for Δ baseline years is:t* = (1/k) · ln( 1 + k Δ / a  )₀
Illustrative example (FORECAST): a₀ = 1.5 with the factor doubling every three years, k = ln 2 / 3 ≈  

0.231. Five baseline years (Timeframe 1) take (1 / 0.231) · ln(1 + 0.231 × 5 / 1.5) ≈ 2.5 years, landing in 
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early 2029. Fifteen baseline years (all of 2026–2041) take (1 / 0.231) · ln(1 + 0.231 × 15 / 1.5) ≈ 5.2 

years, landing about 2031 to 2032.

Feedback models. If the rate of progress depends on capability already reached, the model class changes. 

With linear feedback, dP/dt = r₀ (1 + cP), growth is exponential: P(t) = (e^{r₀ c t} − 1) / c. With stronger 

feedback, dP/dt = r₀ (1 + cP)², the solution P(t) = 1 / (c² r₀ (t_s − t)) − 1/c, with t_s = 1 / (c r₀), grows  

without bound as t approaches the finite time t_s. These are model classes, not predictions. The 2026 

evidence, a factor near 1.5 without a sustained 2, is consistent with the early phase of either the constant 

or the compounding case and does not yet distinguish them. The dated tests in Section 22.5 are designed 

to do so.

24. Hardware and software stacks by provider, with stack-specific 

code

This section is added after Section 23. It does not rewrite earlier chapters. Every hardware and software 

fact is taken from a provider's own official page, paper, or repository dated 2024 through 24 September  

2026. Claims are tagged PUBLISHED, DISCLOSED, FOUNDER, UNKNOWN, or FORECAST. Chip 

counts, parameter counts, and internal tool names that a provider has not published stay UNKNOWN. 

The six providers are kept separate. Code examples continue the report's numbering at 14.

24.1 Google DeepMind

24.1.1 Training hardware

Google  trains  on  its  own  Tensor  Processing  Units.  Compute  Engine  documentation  current  on  22 

September 2026 lists three supported generations: TPU v5p, TPU v6e (Trillium), and TPU7x (Ironwood).  

(PUBLISHED,  Google  Cloud,  "TPU  machines  in  accelerator-optimized  machine  family," 

https://docs.cloud.google.com/compute/docs/tpus/tpu-machines, last updated 22 September 2026.)

Published per-chip and per-pod figures from that page:

TPU v5p: 8,960 chips per pod; 459 TFLOPs BF16 and 459 TFLOPs FP8 per chip; 95 GiB HBM; 

2,765 GB/s HBM bandwidth; two TensorCores and four SparseCores per chip.

TPU v6e (Trillium): 256 chips per pod; 918 TFLOPs BF16 and 918 TFLOPs FP8 per chip; 32 GiB 

HBM; 1,638 GB/s HBM bandwidth; one TensorCore.

TPU7x (Ironwood): 9,216 chips per pod; 2,307 TFLOPs BF16 and 4,614 TFLOPs FP8 per chip; 192 

GiB HBM; 7,380 GB/s HBM bandwidth; two TensorCores and four SparseCores per chip.
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Trillium was announced at  Google I/O in May 2024, entered preview in October 2024, and reached 

general availability on 11 December 2024. Google said it used Trillium to train Gemini 2.0 and that a  

single Jupiter fabric can hold 100,000 Trillium chips. (PUBLISHED, Google Cloud, "Announcing the 

general  availability  of  Trillium,"  11  December  2024, 

https://cloud.google.com/blog/products/compute/trillium-tpu-is-ga/.)

Ironwood, the seventh generation, was introduced on 9 April 2025 as the first TPU designed specifically 

for inference and was also described as serving large-scale training and reinforcement learning. A 9,216-

chip Ironwood superpod shares 1.77 petabytes of HBM. (PUBLISHED, Google, "Ironwood: The first 

Google TPU for the age of inference," 9 April 2025, https://blog.google/innovation-and-ai/infrastructure-

and-cloud/google-cloud/ironwood-tpu-age-of-inference/;  Google  Cloud,  "Announcing  Ironwood  TPUs 

General  Availability,"  6  November  2025,  https://cloud.google.com/blog/products/compute/ironwood-

tpus-and-new-axion-based-vms-for-your-ai-workloads.)

Google announced an eighth generation as two chips, TPU 8t for training and TPU 8i for inference, at  

Google Cloud Next on 22 April 2026. The announcement states a TPU 8t superpod of 9,600 chips, two 

petabytes of shared HBM, and 121 exaflops of compute, and says JAX and Pathways can scale to more 

than one million TPU chips in a single logical cluster. Google's own product account stated that a TPU 8i  

pod connects 1,152 chips. Both chips were described as generally available later in 2026. (DISCLOSED,  

Google,  "Two  chips  for  the  agentic  era,"  22  April  2026, 

https://blog.google/innovation-and-ai/infrastructure-and-cloud/google-cloud/eighth-generation-tpu-

agentic-era/;  Google,  official  product  account,  22  April  2026, 

https://x.com/Google/status/2046993420841865508.) Published per-chip figures from the 22 April 2026 

technical deep dive: TPU 8t has 216 GB HBM, 6,528 GB/s HBM bandwidth, 128 MB on-chip SRAM, 

12.6  peak  FP4  PFLOPs,  and  a  3D-torus  topology;  TPU  8i  has  288  GB  HBM,  8,601  GB/s  HBM 

bandwidth, 384 MB SRAM, 10.1 peak FP4 PFLOPs, and a Boardfly topology. (DISCLOSED, Google 

Cloud,  "Inside  the  eighth-generation  TPU:  An  architecture  deep  dive,"  22  April  2026, 

https://cloud.google.com/blog/products/compute/tpu-8t-and-tpu-8i-technical-deep-dive.)  Re-checked  on 

24 September 2026: the public TPU product page still marks TPU 8t and TPU 8i "*Coming soon.*", and 

Compute Engine documentation last updated 22 September 2026 still lists only TPU7x, TPU v6e, and 

TPU  v5p  as  supported  versions.  Cloud  general-availability  status  at  the  report  snapshot  remains 

UNKNOWN.  (PUBLISHED  as  absence,  https://cloud.google.com/tpu; 

https://docs.cloud.google.com/compute/docs/tpus/tpu-machines.)

Google has not published the chip count, generation mix, or pod topology of the internal cluster that  

trained any named Gemini flagship. That count is UNKNOWN.
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24.1.2 Inference hardware

The same TPU generations are documented for serving. Cloud documentation assigns TPU7x to sampling 

and decode-heavy inference and TPU v6e to large-scale inference. (PUBLISHED, TPU machines page, 

22  September  2026.)  TPU  8i  is  the  announced  inference-specialized  eighth-generation  chip. 

(DISCLOSED, 22 April 2026 announcement.) The serving fleet size behind Gemini 3.x is UNKNOWN.

24.1.3 Published software stack

Framework: JAX. Compiler: XLA. Orchestration: Pathways. Open training library: MaxText.

Pathways is a single-controller runtime that lets one JAX client orchestrate work across multiple TPU 

slices. Google Cloud documentation states that Pathways is used internally to train large models like 

Gemini, and that Pathways on Cloud brings the same design to customers. (PUBLISHED, Google Cloud, 

"Introduction  to  Pathways  on  Cloud," 

https://docs.cloud.google.com/ai-hypercomputer/docs/workloads/pathways-on-cloud/pathways-intro,  last 

updated 22 September 2026; original design paper, Barham et al., "Pathways: Asynchronous Distributed 

Dataflow  for  ML,"  MLSys  2022.)  JAX  sharding  uses  Mesh,  NamedSharding,  and  PartitionSpec. 

Standalone  pjit  is  now  part  of  jax.jit  with  in_shardings  and  out_shardings.  (PUBLISHED,  JAX, 

"Distributed  arrays  and  automatic  parallelization,"  https://jax.readthedocs.io/en/latest/sharded-

computation.html; jax.sharding module, https://jax.readthedocs.io/en/latest/jax.sharding.html.)

MaxText is Google's open JAX and XLA LLM training library targeting Cloud TPUs and GPUs. It uses  

Flax,  Optax,  and  Orbax,  and  can  run  with  Pathways.  (PUBLISHED,  MaxText  README, 

https://github.com/AI-Hypercomputer/maxtext.) vLLM TPU and a PyTorch-on-TPU path are documented 

as part of the AI Hypercomputer stack. (PUBLISHED, Google Cloud, "From silicon to softmax: Inside 

the Ironwood AI stack," 6 November 2025, https://cloud.google.com/blog/products/compute/inside-the-

ironwood-tpu-codesigned-ai-stack.) Both TPU 8t and TPU 8i are described as supporting JAX, MaxText, 

PyTorch, SGLang, and vLLM. (DISCLOSED, 22 April 2026 announcement.)

24.1.4 What is UNKNOWN

Internal Gemini training cluster size, generation mix, and pod topology. Google states that TPUs power  

Gemini and that Ironwood is "the custom silicon behind advanced models like Gemini," but it has not  

published the chip count of any named Gemini training run. (PUBLISHED as the limit of the claim, 

Google Cloud, "Cluster-level reliability for trillion-parameter models on TPUs," 12 May 2026.) Layer 

counts, expert counts, and precision of closed Gemini flagships (already UNKNOWN in Sections 9 and 

13). Whether TPU 8t and TPU 8i were generally available on Cloud as of 24 September 2026: the product 
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page  still  says  "Coming  soon"  and  they  are  absent  from  the  22  September  2026  Compute  Engine  

supported-versions list.  Internal compiler flags,  Pathways job graphs,  and the exact training code for 

Gemini. Serving fleet size behind Gemini 3.x.

24.1.5 Code example 14. JAX sharding of a training step

The  example  uses  jax.sharding.Mesh,  NamedSharding,  and  jax.jit  with  explicit  in_shardings  and 

out_shardings, which is the current public API that replaced standalone pjit. It runs on CPU with JAX 

installed. A TPU device mesh requires TPU hardware and is not executed here.

Filename: c14_jax_tpu_mesh_step.py

# File: c14_jax_tpu_mesh_step.py
# JAX sharding of one training step across a named device mesh.
# Runs on CPU with JAX. A real TPU mesh requires TPU hardware.
# not executed in this sandbox; requires jax.

import numpy as np

try:
    import jax
    import jax.numpy as jnp
    from jax.sharding import Mesh, NamedSharding, PartitionSpec as P
except ImportError:
    print("not executed; requires jax")
    raise SystemExit(0)

def softmax_cross_entropy(logits, targets):
    logits = logits - logits.max(axis=-1, keepdims=True)
    log_z = jnp.log(jnp.exp(logits).sum(axis=-1))
    gather = logits[jnp.arange(targets.shape[0]), targets]
    return (log_z - gather).mean()

def train_step(params, batch):
    tokens, targets = batch
    def loss_fn(p):
        h = jax.nn.silu(tokens @ p["w1"] + p["b1"])
        logits = h @ p["w2"] + p["b2"]
        return softmax_cross_entropy(logits, targets)
    loss, grads = jax.value_and_grad(loss_fn)(params)
    new_params = jax.tree.map(lambda p, g: p - 0.05 * g, params, grads)
    return new_params, loss

devices = jax.devices()
mesh = Mesh(np.array(devices), axis_names=("data",))
act = NamedSharding(mesh, P("data", None))
repl = NamedSharding(mesh, P())
rng = np.random.default_rng(0)
B, D, V = 8, 16, 32
params = {
    "w1": jnp.asarray(rng.normal(size=(D, D)).astype(np.float32) / np.sqrt(D)),
    "b1": jnp.zeros((D,), dtype=jnp.float32),
    "w2": jnp.asarray(rng.normal(size=(D, V)).astype(np.float32) / np.sqrt(D)),
    "b2": jnp.zeros((V,), dtype=jnp.float32),
}
params = jax.device_put(params, repl)
tokens = jax.device_put(jnp.asarray(rng.normal(size=(B, D)).astype(np.float32)), act)
targets = jax.device_put(jnp.asarray(rng.integers(0, V, size=(B,))), NamedSharding(mesh, 
P("data")))
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step = jax.jit(
    train_step,
    in_shardings=(repl, (act, NamedSharding(mesh, P("data")))),
    out_shardings=(repl, repl),
)
params, loss0 = step(params, (tokens, targets))
params, loss1 = step(params, (tokens, targets))
print("devices:", len(devices), "mesh axis: data")
print("loss step0:", float(loss0))
print("loss step1:", float(loss1))
# Expected output on a 1-device CPU backend:
# devices: 1 mesh axis: data
# loss step0: <positive float>
# loss step1: <smaller positive float>

This is the public form of the step Pathways would run across TPU slices: one compiled function, explicit  

shardings, XLA as the compiler.

24.2 Meta

24.2.1 Training hardware

Meta's published training clusters are NVIDIA GPU systems on Grand Teton, Meta's open GPU server 

contributed to the Open Compute Project.

On 12 March 2024 Meta published two clusters of 24,576 NVIDIA H100 GPUs each, one on a RoCE 

fabric and one on NVIDIA Quantum-2 InfiniBand. Both used Grand Teton. Meta said it used this cluster 

design for Llama 3 training and aimed, by the end of 2024, at 350,000 H100 GPUs as part of a portfolio  

equivalent  to  nearly  600,000  H100s.  (PUBLISHED,  Meta  Engineering,  "Building  Meta's  GenAI 

Infrastructure," 12 March 2024, https://engineering.fb.com/2024/03/12/data-center-engineering/building-

metas-genai-infrastructure/.)

Llama 3.1 405B was trained on over 16,000 H100 GPUs. (PUBLISHED, Meta AI, "Introducing Llama 

3.1," 23 July 2024, https://ai.meta.com/blog/meta-llama-3-1/.) Llama 4 Behemoth was pre-trained in FP8 

on  32,000  GPUs.  (PUBLISHED,  Meta  AI,  "The  Llama  4  herd,"  5  April  2025, 

https://ai.meta.com/blog/llama-4-multimodal-intelligence/.)

A later Meta Engineering post describes a single AI cluster with 129,000 H100 GPUs, Catalina racks  

holding  72  NVIDIA Blackwell  GPUs,  a  1-gigawatt  Prometheus  cluster  planned  for  2026,  and  a  5-

gigawatt Hyperion plan for 2028. (PUBLISHED, Meta Engineering, "Meta's Infrastructure Evolution and 

the Advent of AI," 29 September 2025, https://engineering.fb.com/2025/09/29/data-infrastructure/metas-

infrastructure-evolution-and-the-advent-of-ai/.) The exact GPU count used to train any closed 2026 Muse 

flagship is UNKNOWN.

Iacoletti Software research report. Claims tagged PUBLISHED / DISCLOSED / FOUNDER / UNKNOWN / FORECAST.
129



Iacoletti Software  |  AI Is Accelerating Its Own Development

MTIA is Meta's custom accelerator family. MTIA 300 is in production for ranking-and-recommendation 

training. MTIA 400, 450, and 500 extend coverage toward GenAI. A rack with 72 MTIA 400 devices 

forms a single scale-up domain. Meta states it has "deployed hundreds of thousands of MTIA chips in 

production" and that it has "tested MTIA with large language models (LLMs) like Llama." Exact chips 

per generation, and whether any Llama or Muse Spark pre-training run used MTIA as the primary trainer, 

remain UNKNOWN. Official workload language is narrower than a frontier-pretrain claim: MTIA 300 is 

for ranking-and-recommendation training; MTIA 450 and 500 are "optimized first for GenAI inference" 

and "can then be used to support other workloads as needed, including … GenAI training," with mass 

deployment of those inference-first  parts scheduled into 2027. (PUBLISHED, Meta AI, "Four MTIA 

Chips  in  Two  Years,"  11  March  2026,  https://ai.meta.com/blog/meta-mtia-scale-ai-chips-for-billions/; 

Meta,  "Expanding  Meta's  Custom  Silicon,"  11  March  2026, 

https://about.fb.com/news/2026/03/expanding-metas-custom-silicon-to-power-our-ai-workloads/.)

24.2.2 Inference hardware

Llama 4 Scout is described as fitting on a single NVIDIA H100 with Int4 quantization. Llama 4 Maverick 

is described as fitting on a single H100 host. (PUBLISHED, "The Llama 4 herd," 5 April 2025.) MTIA 

450 and MTIA 500 are scheduled for mass deployment in 2027 and are described as GenAI-inference 

first.  (PUBLISHED,  "Four  MTIA Chips  in  Two Years,"  11  March  2026.)  Exact  MTIA counts  per 

generation, and the split of Llama serving between GPUs and MTIA, are UNKNOWN.

24.2.3 Published software stack

Framework:  PyTorch.  Parallelism:  Fully  Sharded  Data  Parallel,  now  FSDP2 

(`torch.distributed.fsdp.fully_shard`).  Hardware  platforms:  Grand  Teton,  OpenRack,  Catalina  (OCP). 

Cluster manager and ML scheduler names that are published, not the missing training-library source:  

Twine and MAST. Serving research includes speculative decoding on GPU. The MTIA stack is described 

as PyTorch-native, with vLLM, Triton, the Hoot Collective Communications Library (HCCL), and both 

eager and graph modes. Meta states that "the kernel compiler and lower-level backends are based on  

Triton, MLIR, and LLVM." (PUBLISHED, "Four MTIA Chips in Two Years," 11 March 2026; Meta 

Engineering,  "MTIA  300:  Meta's  First  Training  Chip  with  Built-in  NICs,"  24  August  2026, 

https://engineering.fb.com/2026/08/24/networking-traffic/mtia-300-meta-training-chip-built-in-nics/; 

PyTorch,  "Getting  Started  with  Fully  Sharded  Data  Parallel  (FSDP2)," 

https://docs.pytorch.org/tutorials/intermediate/FSDP_tutorial.html.)

The Llama 4 model  card states  that  Meta used "custom training libraries,  Meta's  custom built  GPU 

clusters, and production infrastructure for pretraining." (PUBLISHED, Llama 4 Scout model card.) Muse 
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Spark's 8 April 2026 launch post says Meta "rebuilt our pre-training stack" and does not name the library  

or publish a GPU count. (PUBLISHED as the limit of the claim, https://ai.meta.com/blog/introducing-

muse-spark-msl/.) The names and source of those custom libraries beyond PyTorch and FSDP remain 

UNKNOWN. MTIA kernel sources are not in a public repository. The open sibling Muse Glimmer 30B 

(Apache 2.0, distilled from Muse Spark) publishes its own dense architecture; that card does not license 

inferring Spark's closed layer table.

24.2.4 What is UNKNOWN

GPU count and mix for closed Muse Spark (1.0–1.3) pre-training. Whether MTIA was the primary trainer 

for any Llama or Muse pre-training run. Exact MTIA chips per generation and chips per cluster beyond  

the published 72-device MTIA 400 rack and the "hundreds of thousands" fleet bound. Exact serving split  

of Llama or Muse between GPUs and MTIA. Names and source of the "custom training libraries" named 

on the Llama 4 model card. MTIA kernel sources.

24.2.5 Code example 15. PyTorch FSDP training step

FSDP2 shards each parameter as a DTensor, all-gathers before compute, and reduce-scatters gradients  

after backward. The listing below ran on CPU with `fully_shard` at world_size 1.

Filename: c15_pytorch_fsdp_step.py

# File: c15_pytorch_fsdp_step.py
# PyTorch FSDP2 training step. Executed on CPU at world_size=1.

import os
import torch
import torch.nn as nn
import torch.nn.functional as F
from torch.distributed.fsdp import fully_shard
import torch.distributed as dist

class TinyDecoder(nn.Module):
    def __init__(self, d=32, vocab=64):
        super().__init__()
        self.embed = nn.Embedding(vocab, d)
        self.n1 = nn.LayerNorm(d)
        self.attn = nn.Linear(d, d, bias=False)
        self.n2 = nn.LayerNorm(d)
        self.w_gate = nn.Linear(d, 4 * d, bias=False)
        self.w_up = nn.Linear(d, 4 * d, bias=False)
        self.w_down = nn.Linear(4 * d, d, bias=False)
        self.lm_head = nn.Linear(d, vocab, bias=False)

    def forward(self, tokens):
        h = self.embed(tokens)
        h = h + self.attn(self.n1(h))
        n = self.n2(h)
        h = h + self.w_down(F.silu(self.w_gate(n)) * self.w_up(n))
        return self.lm_head(h)

os.environ.setdefault("MASTER_ADDR", "127.0.0.1")
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os.environ.setdefault("MASTER_PORT", "29521")
os.environ.setdefault("RANK", "0")
os.environ.setdefault("WORLD_SIZE", "1")
dist.init_process_group(backend="gloo", rank=0, world_size=1)
torch.manual_seed(0)
model = TinyDecoder()
for module in (model.attn, model.w_gate, model.w_up, model.w_down, model.lm_head):
    fully_shard(module)
fully_shard(model)
opt = torch.optim.AdamW(model.parameters(), lr=1e-2, weight_decay=0.01)
tokens = torch.randint(0, 64, (4, 8))
targets = torch.randint(0, 64, (4, 8))
losses = []
for _ in range(3):
    opt.zero_grad(set_to_none=True)
    logits = model(tokens)
    loss = F.cross_entropy(logits.reshape(-1, logits.size(-1)), targets.reshape(-1))
    loss.backward()
    opt.step()
    losses.append(float(loss.detach()))
print("backend: FSDP2 fully_shard, world_size=1, device=cpu")
print("losses:", [round(x, 4) for x in losses])
dist.destroy_process_group()
# Output when run:
# backend: FSDP2 fully_shard, world_size=1, device=cpu
# losses: [4.3175, 3.6533, 2.9941]

A multi-GPU FSDP job requires CUDA (or another FSDP-supported accelerator) and `torchrun`. That 

path was not executed.

24.3 Microsoft

24.3.1 Training hardware

Azure's ND-series virtual machines are the published training line. Documented SKUs include ND H100 

v5 (8 NVIDIA H100 80GB GPUs per VM, NVLink inside the VM, 400 Gbps Quantum-2 InfiniBand per 

GPU, deployments that "can scale up to thousands of GPUs"), ND H200 v5, ND GB200 v6, ND GB300 

v6,  and  ND  MI300X  v5.  (PUBLISHED,  Microsoft  Learn,  ND  family  and  ND  GB200-v6  pages, 

https://learn.microsoft.com/en-us/azure/virtual-machines/sizes/gpu-accelerated/nd-gb200-v6-series.)

ND GB200 v6 pairs four NVIDIA Blackwell GPUs and two Grace CPUs per VM. A GB200 NVL72 rack 

of 18 VMs holds 72 GPUs and is specified at up to 1.4 exaFLOPS FP4, 13.5 TB shared HBM, and 130  

TB/s NVLink. General availability was announced on 18 March 2025. (PUBLISHED, Microsoft Tech 

Community, "Accelerating the Intelligence Age with Azure AI Infrastructure and the GA of ND GB200 

v6," 18 March 2025.) Azure described a first large-scale GB300 NVL72 cluster for OpenAI workloads on 

9 October 2025. (PUBLISHED, Azure Blog, "Microsoft Azure delivers the first large scale cluster with 

NVIDIA GB300 NVL72 for OpenAI workloads," 9 October 2025.)

Fairwater AI datacenters are described as a fabric that can integrate hundreds of thousands of NVIDIA 

GB200 and GB300 GPUs. Exact installed GPU totals at each Fairwater site: UNKNOWN. Re-checked 24 
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September 2026: Microsoft and NVIDIA still use "hundreds of thousands" as the official phrase; no site  

census is on an official Microsoft page. A published job size on that fabric is not a site inventory: Azure's  

MLPerf Training submission scaled Llama 3.1 405B pre-training to 8,192 GB200 GPUs across 128 racks 

on Fairwater infrastructure. (PUBLISHED as design language, Official Microsoft Blog, "Infinite scale: 

The architecture behind the Azure AI superfactory," 12 November 2025; PUBLISHED as a job size, 

Azure MLPerf Training v6.0 write-up on Microsoft Tech Community.)

Documented first-party training jobs: MAI-Base-1, the base for MAI-Thinking-1, was pre-trained from 

scratch on 8,192 GB200 GPUs on a Microsoft-operated Azure cluster.  Version 2 used 4,096 GB200 

GPUs. The largest reported RL job used 4,864 GB300 chips. (PUBLISHED, Microsoft AI, "Building a 

hill-climbing  machine,"  2  June  2026,  https://microsoft.ai/news/building-a-hillclimbing-machine-

launching-seven-new-mai-models/; MAI-Thinking-1 report.)

Maia 100 is Microsoft's first-generation custom AI accelerator, announced at Ignite in November 2023 

and  described  in  April  2024  as  built  for  cloud  AI  workloads  including  training  and  inference. 

(PUBLISHED, Azure Blog, "Azure Maia for the era of AI," 3 April 2024, https://azure.microsoft.com/en-

us/blog/azure-maia-for-the-era-of-ai-from-silicon-to-software-to-systems/.)  How  many  Maia  100  chips 

Microsoft used for any named training run: UNKNOWN.

Maia 200 is described as inference silicon. Microsoft says the Superintelligence team uses it for synthetic  

data generation and reinforcement learning that feeds downstream training. That is a training-loop use of 

an  inference accelerator,  not  a  claim that  Maia  200 is  the  pre-training chip.  (PUBLISHED, Official  

Microsoft  Blog,  "Maia  200:  The  AI  accelerator  built  for  inference,"  26  January  2026, 

https://blogs.microsoft.com/blog/2026/01/26/maia-200-the-ai-accelerator-built-for-inference/.)

24.3.2 Inference hardware

The same ND-series GPU VMs are customer inference SKUs. Maia 200 is the second-generation first-

party accelerator and is purpose-built for inference. Published specs: TSMC 3 nm, native FP8 and FP4 

tensor cores, 216 GB HBM3e at 7 TB/s, 272 MB on-chip SRAM, 750 W SoC TDP, over 10 petaFLOPS 

FP4 and over 5 petaFLOPS FP8, 2.8 TB/s bidirectional scale-up, Ethernet fabric, clusters of up to 6,144 

accelerators.  (PUBLISHED,  Official  Microsoft  Blog,  26  January  2026;  Microsoft  Tech  Community, 

"Deep dive into the Maia 200 architecture," 26 January 2026.) ONNX Runtime is the cross-platform 

inference  engine  Microsoft  ships  for  models  exported  from  PyTorch  and  other  frameworks. 

(PUBLISHED, https://onnxruntime.ai/docs/.)

24.3.3 Published software stack
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Customer and open stack. Framework: PyTorch. Compiler and kernels: DeepSpeed kernels; Maia 100 

integrates PyTorch, ONNX Runtime, and OpenAI Triton; Maia 200 SDK adds PyTorch integration, a 

Triton compiler and kernel library, and Nested Parallel Language (NPL). Parallelism: DeepSpeed ZeRO 

stages  1,  2,  and  3,  ZeRO-Offload,  ZeRO-Infinity,  DeepSpeed-MoE,  Ulysses  sequence  parallelism, 

AutoTP.  Serving:  DeepSpeed-Inference,  FastGen,  ONNX  Runtime.  (PUBLISHED, 

https://www.deepspeed.ai/; Azure Blog, 3 April 2024; Official Microsoft Blog, 26 January 2026.)

In-house stack for MAI models, disclosed but not open-sourced: YouOnlyLaunchOnce (YOLO) is named 

as  MAI's  in-house  framework  for  large-scale  training,  built  on  PyTorch,  with  ZeRO-2/3,  tensor 

parallelism, 64-way expert parallelism, and Ulysses-style context parallelism. Rocket is named as the in-

house asynchronous RL framework. (PUBLISHED as names and capabilities, MAI-Thinking-1 report, 2 

June 2026.) Source is UNKNOWN.

24.3.4 What is UNKNOWN

Exact installed GPU counts at Fairwater sites. Maia 100 and Maia 200 fleet sizes. YOLO and Rocket 

source. Whether production MAI jobs still use open DeepSpeed rather than YOLO. Layer tables of closed 

Microsoft models other than figures already in the MAI-Thinking-1 report. Whether ONNX Runtime or 

the Maia SDK is the serving path for MAI-Thinking-1 on Maia 200.

24.3.5 Code example 16. DeepSpeed ZeRO config plus training loop

Filename: c16_deepspeed_zero_loop.py

# File: c16_deepspeed_zero_loop.py
# DeepSpeed ZeRO-2 config plus a training loop.
# DeepSpeed multi-GPU path: not executed; requires DeepSpeed and a GPU host.
# CPU stand-in: executed.

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

ZERO_CONFIG = {
    "train_batch_size": 8,
    "gradient_accumulation_steps": 1,
    "fp16": {"enabled": False},
    "bf16": {"enabled": False},
    "zero_optimization": {
        "stage": 2,
        "allgather_partitions": True,
        "allgather_bucket_size": 2e8,
        "overlap_comm": True,
        "reduce_scatter": True,
        "reduce_bucket_size": 2e8,
        "contiguous_gradients": True,
        "offload_optimizer": {"device": "none"},
    },
    "gradient_clipping": 1.0,
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    "optimizer": {
        "type": "AdamW",
        "params": {"lr": 0.01, "betas": [0.9, 0.95], "eps": 1e-8, "weight_decay": 0.1},
    },
}

class TinyLM(nn.Module):
    def __init__(self, vocab=32, d=16):
        super().__init__()
        self.embed = nn.Embedding(vocab, d)
        self.ff = nn.Linear(d, d)
        self.head = nn.Linear(d, vocab)

    def forward(self, tokens):
        return self.head(torch.tanh(self.ff(self.embed(tokens))))

torch.manual_seed(1)
model = TinyLM()
opt = torch.optim.AdamW(model.parameters(), lr=0.01, betas=(0.9, 0.95), weight_decay=0.1)
tokens = torch.randint(0, 32, (8, 6))
targets = torch.randint(0, 32, (8, 6))
losses = []
for _ in range(3):
    opt.zero_grad(set_to_none=True)
    logits = model(tokens)
    loss = F.cross_entropy(logits.reshape(-1, 32), targets.reshape(-1))
    loss.backward()
    torch.nn.utils.clip_grad_norm_(model.parameters(), 1.0)
    opt.step()
    losses.append(float(loss.detach()))
print(json.dumps(ZERO_CONFIG["zero_optimization"], indent=2))
print("backend: CPU stand-in (DeepSpeed not initialized)")
print("losses:", [round(x, 4) for x in losses])
# Output when run:
# "stage": 2
# backend: CPU stand-in (DeepSpeed not initialized)
# losses: [3.5272, 3.4377, 3.3508]

The official DeepSpeed loop after `deepspeed.initialize` is three calls: forward, backward, step. ZeRO-2 

shards optimizer state and gradients so each rank stores only its slice.

24.4 Anthropic

Anthropic publishes compute partnerships, not a training stack. The five parts below stay inside that line.

24.4.1 Training hardware

Anthropic's published strategy is multi-platform: AWS Trainium, Google TPUs, and NVIDIA GPUs. 

(PUBLISHED, Anthropic, "Expanding our use of Google Cloud TPUs and Services," 23 October 2025, 

https://www.anthropic.com/news/expanding-our-use-of-google-cloud-tpus-and-services;  restated 

Anthropic, "Google and Broadcom partnership," 6 April 2026, https://www.anthropic.com/news/google-

broadcom-partnership-compute.)

Google Cloud TPUs. On 23 October 2025 Anthropic said it planned to expand Google Cloud TPU use to 

up to one million TPUs, a deal it described as worth tens of billions of dollars and expected to bring well 
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over a gigawatt of capacity online in 2026. (PUBLISHED, same 23 October 2025 page.) On 6 April 2026 

it announced a further agreement with Google and Broadcom for multiple gigawatts of next-generation 

TPU capacity expected to come online starting in 2027. Which TPU generation is used for which Claude 

training run is UNKNOWN.

Amazon  Trainium  and  Project  Rainier.  Amazon  remains  "our  primary  cloud  provider  and  training 

partner." (PUBLISHED, Anthropic 23 October 2025 and 6 April 2026.) Project Rainier is the named 

Trainium2 cluster built with AWS across multiple U.S. data centers. Amazon said Rainier is operational  

with nearly half a million Trainium2 chips, that Anthropic was already running Claude workloads on it,  

and that Claude was expected to be on more than one million Trainium2 chips for training and inference 

by  the  end  of  2025.  (PUBLISHED,  Amazon,  "AWS  activates  Project  Rainier," 

https://www.aboutamazon.com/news/aws/aws-project-rainier-ai-trainium-chips-compute-cluster.)  On  20 

April 2026 Anthropic itself wrote: "We currently use over one million Trainium2 chips to train and serve 

Claude," and announced an expanded Amazon agreement for up to 5 GW of capacity spanning Trainium2 

through Trainium4, with significant Trainium2 capacity in Q2 2026, scaled Trainium3 later in 2026, and 

nearly 1 GW of Trainium2 and Trainium3 by the end of 2026. (PUBLISHED, Anthropic, "Anthropic and 

Amazon  expand  collaboration,"  20  April  2026,  https://www.anthropic.com/news/anthropic-amazon-

compute.)

NVIDIA GPUs are named as the third platform. Cluster size, generation, and interconnect for Anthropic's  

GPU fleet are UNKNOWN.

24.4.2 Inference hardware

The same three chip families are used for serving. (PUBLISHED, Anthropic 6 April 2026.) Claude is 

available on AWS Bedrock, Google Cloud Vertex AI, and Microsoft Azure Foundry. (PUBLISHED, 

Anthropic 20 April 2026.) Which SKU runs on which chip: UNKNOWN.

24.4.3 Published software stack

Internal training-framework product name, compiler, and kernel sources: UNKNOWN. Anthropic has not 

published a named in-house system analogous to MaxText, YOLO, or HAI-LLM.

What  is  published  is  the  family  of  frameworks,  not  the  product  name.  Anthropic's  transparency 

documentation  lists  "development  frameworks  including  PyTorch,  JAX,  and  Triton."  (PUBLISHED, 

Anthropic transparency / model reports.) A 7 July 2026 Google Cloud talk on how Anthropic scales 

Claude on TPUs describes Anthropic engineers manipulating JAX environment variables to retopologize 

TPU slices and using GKE node pools; that is published evidence of a JAX-on-TPU path, not a claim that 
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JAX is the only trainer. (PUBLISHED, Google Cloud Events, "Architecting for Frontier AI Labs: How 

Anthropic  scales  Claude on TPUs,"  7  July  2026.)  Jay Gray,  Trainium Inference Lead at  Anthropic,  

described serving a majority of Claude traffic on Trainium2 and writing Trainium kernels; the kernel 

sources themselves are not public. (PUBLISHED as talk, AWS re:Invent 2025 AIM3335.)

The public toolchain on hardware Anthropic has disclosed is the vendor's, not Anthropic's. On Trainium 

that  toolchain  is  AWS Neuron.  Neuron provides  TorchNeuron and torch-neuronx for  PyTorch,  JAX 

NeuronX, the Neuron compiler and runtime, the Neuron Kernel Interface (NKI) for custom kernels, and 

vLLM Neuron  for  serving.  (PUBLISHED,  AWS Neuron  Documentation,  current  release  2.32.0,  17 

August 2026, https://awsdocs-neuron.readthedocs-hosted.com/.) On TPUs the published Google stack is 

JAX, XLA, Pathways, and MaxText (see 24.1).

24.4.4 What is UNKNOWN

The internal training-framework product name. Whether any one named Claude pre-training run used 

Neuron, JAX/XLA, an unpublished compiler, or a mix as the primary path. Layer tables, expert counts,  

precision,  and attention family  for  current  flagships  (already UNKNOWN in Sections  13 and 20.1). 

Which TPU generation trained which named Claude run. Exact Trainium versus TPU versus GPU split  

per named run. NKI kernel sources written by Anthropic.

24.4.5 Code example 17. AWS Neuron public toolchain

This  is  AWS's  documented  API,  not  Anthropic's  code.  The  Neuron  branch  requires  a  Trainium or 

Inferentia instance. The CPU branch was executed.

Filename: c17_neuron_trainium_public_toolchain.py

# File: c17_neuron_trainium_public_toolchain.py
# Public AWS Neuron pattern for Trainium. Not Anthropic source.
# Neuron branch: not executed; requires a Trainium instance and the Neuron SDK.
# CPU branch: executed.

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

class TinyNet(nn.Module):
    def __init__(self, d_in=32, d_h=64, n_out=10):
        super().__init__()
        self.fc1 = nn.Linear(d_in, d_h)
        self.fc2 = nn.Linear(d_h, n_out)

    def forward(self, x):
        return self.fc2(F.silu(self.fc1(x)))

def resolve_device():
    try:
        import torch_neuronx  # noqa: F401
        return torch.device("neuron")
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    except Exception:
        return torch.device("cpu")

device = resolve_device()
torch.manual_seed(0)
model = TinyNet().to(device)
opt = torch.optim.SGD(model.parameters(), lr=0.05)
losses = []
for _ in range(4):
    x = torch.randn(16, 32, device=device)
    y = torch.randint(0, 10, (16,), device=device)
    opt.zero_grad(set_to_none=True)
    loss = F.cross_entropy(model(x), y)
    loss.backward()
    opt.step()
    losses.append(float(loss.detach().cpu()))
print("device:", device.type)
print("losses:", [round(v, 4) for v in losses])
# Output when run on CPU:
# device: cpu
# losses: [2.3082, 2.3379, 2.3592, 2.3228]

24.5 SpaceXAI (formerly xAI)

SpaceXAI is the name on the Colossus page as of the report snapshot (https://x.ai/colossus, page footer 

"SpaceXAI LLC"). The only inspectable training artifact remains the March 2024 Grok-1 open release,  

published when the laboratory was still named xAI.

24.5.1 Training hardware

The  official  Colossus  product  page  still  describes  200,000  NVIDIA  H100  GPUs  in  a  single 

interconnected cluster, built in 122 days and then doubled in 92 days to 200k GPUs, with a roadmap to 1 

million GPUs. Timeline on that page: groundbreak May 2024, doubled to 200k by February 2025. Re-

checked 24 September 2026, that  page still  does not list  H200, GB200, GB300, or Colossus II  chip 

counts.  (PUBLISHED,  SpaceXAI,  "Colossus:  The  World's  Largest  AI  Supercomputer," 

https://x.ai/colossus.)

Later-generation counts are published on other official SpaceXAI pages and in SpaceX SEC filings, so 

they are no longer UNKNOWN.

Official news, 6 May 2026: "Colossus 1 features over 220,000 NVIDIA GPUs, including dense 

deployments of H100, H200, and next-generation GB200 accelerators." (PUBLISHED, SpaceXAI, 

"New Compute Partnership with Anthropic," https://x.ai/news/anthropic-compute-partnership.)

Official news, 6 January 2026: Colossus I and II ended 2025 "with over one million H100 GPU 

equivalents." (PUBLISHED, SpaceXAI, "xAI Raises $20B Series E," https://x.ai/news/series-e.)

Official news, 16 July 2026: "Grok 4.5 was trained across tens of thousands of NVIDIA GB300 

GPUs." The same post says the stack is "built for highly asynchronous training, so agentic rollouts 
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can run for many hours while learning continues across tens of thousands of GPUs." It does not 

publish a layer table. (PUBLISHED, SpaceXAI, "Introducing Grok 4.5," https://x.ai/news/grok-4-5.)

SpaceX Form S-1 free-writing prospectus, File No. 333-296070, June 2026: first Colossus cluster of 

approximately 100,000 H100 processors and 130 MW in 122 days; Colossus II first cluster of 

approximately 110,000 GB200 processors and 210 MW in 91 days; Colossus II second cluster of 

110,000 GB300 processors and 220 MW in 64 days; next phase at least 220,000 additional GB300 

processors and over 400 additional MW; Colossus and Colossus II collectively about 1.0 GW; Grok-5 

"currently being trained at COLOSSUS II." (DISCLOSED, 

https://www.sec.gov/Archives/edgar/data/1181412/000162828026041013/japanfwp_06042026.htm.)

SpaceX Q2 2026 earnings release, 4 August 2026: Grok 4.5 "incorporates our 1.5 trillion-parameter 

V9 foundation model." That parameter figure is in an official earnings document. It is not a layer 

table. (DISCLOSED, SpaceX Reports Second Quarter 2026 Results, SEC accession 0001628280-26-

052515.)

Founder posts about a later C and C++ rewrite remain FOUNDER and are not treated as a compiler 

manual.

24.5.2 Inference hardware

The Colossus product page is a training-cluster page and does not publish a separate inference-chip list.  

Official Grok 4.5 materials name tens of thousands of GB300 GPUs for that training run; they do not 

publish a serving-fleet census. Serving hardware for Grok 4.7 and later SKUs remains UNKNOWN at the 

cluster-size level. Product windows and API behavior are DISCLOSED in Section 19; they are not a 

hardware table. Official Grok 4.7 pages describe "a new, larger base model than Grok 4.6" and a 500,000-

token context window. They do not publish layers, experts, precision, or a chip count for that run.

24.5.3 Published software stack

xAI wrote:  "Trained from scratch by xAI using a custom training stack on top of JAX and Rust in  

October 2023." (PUBLISHED, xAI, "Open Release of Grok-1," 17 March 2024, https://x.ai/blog/grok-

os.) The same laboratory's November 2023 Grok announcement said: "To create Grok, we built a custom 

training and inference stack based on Kubernetes, Rust, and JAX." (PUBLISHED, xAI, "Announcing 

Grok," 4 November 2023, https://x.ai/blog/grok.)

The  companion  repository  github.com/xai-org/grok-1  contains  JAX  example  code  for  loading  and 

running the open weights, not the training loop itself. Dependencies in requirements.txt: dm_haiku 0.0.12, 

jax[cuda12-pip] 0.4.25, numpy 1.26.4, sentencepiece 0.2.0. model.py implements a decoder-only MoE 

with  a  Router,  jax.lax.top_k  expert  selection,  grouped-query  attention  (48  query  heads,  8  key-value 

Iacoletti Software research report. Claims tagged PUBLISHED / DISCLOSED / FOUNDER / UNKNOWN / FORECAST.
139



Iacoletti Software  |  AI Is Accelerating Its Own Development

heads), RoPE, RMSNorm, and jax.sharding PartitionSpec and shard_map constraints. runners.py wraps 

forward and sample steps in jax.experimental.pjit. Grok-1 specs from the README: 314B parameters, 8 

experts, 2 experts per token, 64 layers, embedding size 6,144, context 8,192, Apache 2.0. (PUBLISHED, 

https://github.com/xai-org/grok-1.)

FOUNDER statements about a later C and C++ stack, not a published compiler manual:

28 May 2026: "SpaceX has almost finished writing V1.0 of an in-house AI training stack in C that 

exact-maps to 220k GB300s with 800G NICs." (FOUNDER, Elon Musk, 

https://x.com/elonmusk/status/2059884150187053488.)

29 June 2026: "Truly massive gains will come in ~3 months when the entire training and inference 

stack is written in C/C++ and massively simplified." (FOUNDER, Elon Musk, 

https://x.com/elonmusk/status/2071385784154759468.)

14 September 2026: "Our training (aka pre-training) software is now the internally developed C/C++ 

stack, which was written primarily by the Starlink software team." Same day: "Grok 4.8, which is a 

2.5T model trained with our new C++ software stack, will finish training this week and start RL." 

(FOUNDER, Elon Musk, https://x.com/elonmusk/status/2099500295931789493 and 

https://x.com/elonmusk/status/2099308197802631191.)

The C and C++ stack itself is not published.

24.5.4 What is UNKNOWN

Current flagship architecture for Grok 4.7 and later (layers, experts, precision, attention family). Official 

pages do not publish those tables; founder parameter counts that do not appear on an official spec sheet 

stay FOUNDER. The C and C++ training and inference sources. Whether Colossus still runs any JAX or 

Rust path after the founder-described rewrite. Exact interconnect, cooling, and per-server GPU counts 

beyond the published cluster headlines. Rust crate internals used in 2023 training. A full serving-fleet  

census by chip generation.

24.5.5 Code example 18. Grok-1 published MoE router

The listing is a NumPy illustrative implementation of the routing in model.py so it runs without JAX, 

Haiku, or the 314B checkpoint. It is not the published loader.

Filename: c18_grok1_moe_router.py

# File: c18_grok1_moe_router.py
# Illustrative stand-in for github.com/xai-org/grok-1 model.py
# Grok-1 itself uses JAX, Haiku, and pjit. This listing runs on CPU.
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import numpy as np

def softmax(x, axis=-1):
    x = x - x.max(axis=axis, keepdims=True)
    e = np.exp(x)
    return e / e.sum(axis=axis, keepdims=True)

def router_topk(hidden, W_router, k=2):
    scores = hidden @ W_router
    idx = np.argpartition(-scores, kth=k - 1, axis=-1)[:, :k]
    chosen = np.take_along_axis(scores, idx, axis=-1)
    order = np.argsort(-chosen, axis=-1)
    idx = np.take_along_axis(idx, order, axis=-1)
    weights = softmax(np.take_along_axis(scores, idx, axis=-1), axis=-1)
    return idx, weights

def moe_forward(hidden, W_router, experts, k=2):
    T, d = hidden.shape
    idx, weights = router_topk(hidden, W_router, k=k)
    out = np.zeros_like(hidden)
    for t in range(T):
        for slot in range(k):
            e = idx[t, slot]
            W_in, W_out = experts[e]
            h = np.maximum(hidden[t] @ W_in, 0.0) @ W_out
            out[t] += weights[t, slot] * h
    return out, idx, weights

rng = np.random.default_rng(1)
T, d, E, k = 6, 8, 8, 2
hidden = rng.normal(size=(T, d))
W_router = rng.normal(size=(d, E)) / np.sqrt(d)
experts = [(rng.normal(size=(d, 16)) / 4, rng.normal(size=(16, d)) / 4) for _ in range(E)]
y, idx, w = moe_forward(hidden, W_router, experts, k=k)
print("tokens, hidden, experts, k:", T, d, E, k)
print("active fraction of experts per token:", k / E)
print("chosen experts per token:", idx.tolist())
print("router weights sum per token:", np.round(w.sum(axis=-1), 5).tolist())
print("output shape:", y.shape)
# Output when run:
# tokens, hidden, experts, k: 6 8 8 2
# active fraction of experts per token: 0.25
# chosen experts per token: [[0, 4], [2, 4], [4, 7], [7, 3], [7, 3], [7, 5]]
# router weights sum per token: [1.0, 1.0, 1.0, 1.0, 1.0, 1.0]
# output shape: (6, 8)
# PartitionSpec in the published sources: params P("model"), activations P("data", None), via 
pjit.

24.6 DeepSeek

DeepSeek is the only provider in this section that published both a cluster size for a named training run 

and the communication and GEMM libraries that run on it.

24.6.1 Training hardware

DeepSeek-V3 was trained on a cluster of 2,048 NVIDIA H800 GPUs. Each node has 8 GPUs connected 

by NVLink and NVSwitch. Nodes are connected by InfiniBand. Full training used 2.788 million H800 

GPU hours  (2,664k pre-training,  119k context  extension,  5k post-training).  The report  states  a  fine-

grained  FP8  mixed-precision  training  framework.  (PUBLISHED,  DeepSeek-AI,  "DeepSeek-V3 
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Technical  Report,"  arXiv:2412.19437,  27  December  2024,  revised  18  February  2025, 

https://arxiv.org/abs/2412.19437.)

The ISCA 2025 companion paper restates the 2,048 H800 cluster and the hardware-aware co-design, 

including a multi-plane two-layer fat-tree.  (PUBLISHED, DeepSeek-AI,  "Insights into DeepSeek-V3: 

Scaling Challenges and Reflections on Hardware for AI Architectures," arXiv:2505.09343, 14 May 2025,  

revised 23 December 2025.)

DeepSeek-V4-Pro is published as 1.6 trillion total parameters with 49 billion active; V4-Flash as 284 

billion total with 13 billion active. The V4 paper further publishes layer and expert tables: V4-Pro has 61 

layers, hidden size 7,168, one shared expert plus 384 routed experts with top-6 routing; V4-Flash has 43  

layers, hidden size 4,096, one shared expert plus 256 routed experts with top-6 routing. Routed expert  

weights use FP4; other paths use FP8. Pre-training used more than 32T tokens (Flash 32T, Pro 33T). The 

paper says the fine-grained expert-parallel scheme was validated on NVIDIA GPUs and Huawei Ascend 

NPUs and names TileLang as a kernel DSL. It does not publish a V4 cluster size or chip generation. V4  

production training cluster size:  UNKNOWN. (PUBLISHED, DeepSeek-AI,  "DeepSeek-V4: Towards 

Highly  Efficient  Million-Token  Context  Intelligence,"  arXiv:2606.19348,  26  April  2026, 

https://arxiv.org/abs/2606.19348.)  A  separate  Huawei-led  consortium paper  documents  full-parameter 

post-training of the V4 family on an Ascend SuperPOD; that is not DeepSeek's own pre-training census  

and does not upgrade the UNKNOWN cluster size. (PUBLISHED as a different organization's post-train 

result, arXiv:2607.20145.)

24.6.2 Inference hardware

DeepSeek-V3 is deployed on the H800 cluster.  Prefill  and decode are split.  Minimum prefill  unit:  4 

nodes, 32 GPUs, attention TP4 with sequence parallelism and DP8, MoE EP32. Minimum decode unit: 

40 nodes, 320 GPUs, attention TP4 with sequence parallelism and DP80, MoE EP320. (PUBLISHED, V3 

report.) V4 production inference chips in DeepSeek's own cluster: UNKNOWN. The V4 Hugging Face 

card publishes vLLM serving flags (expert parallelism, DeepGEMM Mega MoE, FP8 KV cache) but not  

a chip list. (PUBLISHED, https://huggingface.co/deepseek-ai/DeepSeek-V4-Pro-0813.)

24.6.3 Published software stack

The V3 report  names HAI-LLM as  "an efficient  and lightweight  training framework crafted  by our 

engineers  from the  ground  up."  Parallelism in  that  run:  16-way  pipeline  parallelism,  64-way  expert 

parallelism spanning 8 nodes, ZeRO-1 data parallelism. DualPipe is the published pipeline schedule that  

overlaps  forward  and  backward  communication  with  compute.  (PUBLISHED,  V3  report;  DualPipe 

repository, https://github.com/deepseek-ai/DualPipe.)
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Open libraries under github.com/deepseek-ai (PUBLISHED):

DeepEP: expert-parallel all-to-all dispatch and combine, NVLink intra-node and RDMA or 

InfiniBand inter-node, FP8 dispatch. https://github.com/deepseek-ai/DeepEP

DeepGEMM: runtime-compiled GEMM library for FP8, FP4, and BF16, fused Mega MoE. 

https://github.com/deepseek-ai/DeepGEMM

FlashMLA: MLA attention kernels. https://github.com/deepseek-ai/FlashMLA

DualPipe and DualPipeV: bidirectional pipeline parallelism.

Compiler:  the  kernel  libraries  JIT-compile  CUDA at  runtime.  There  is  no  separate  published  graph 

compiler analogous to XLA. The V4 paper does not use the name HAI-LLM. Whether current training  

still uses that name is UNKNOWN.

A 19 September  2026 companion paper  publishes  the  production RL sandbox layer  that  the  V3/V4 

reports left closed: DSec (DeepSeek Elastic Compute) describes units of about 160 CPU nodes, 30,000 

cores, and 250 TB DRAM, serving about 3 million sandboxes per day. That is a published slice of RL 

infrastructure,  not  a  V4  pre-training  cluster  size.  (PUBLISHED,  DeepSeek-AI,  "DSec," 

arXiv:2609.22978, 19 September 2026.)

24.6.4 What is UNKNOWN

V4 production training cluster size and chip generation. Whether current training still uses HAI-LLM by 

that  name.  Closed  scheduling,  data  pipeline,  and  RL  infrastructure  beyond  the  papers'  section-level 

description. Exact SM occupancy and bandwidth numbers for production V4 serving.

24.6.5 Code example 19. Expert-parallel dispatch and combine

A CPU illustrative stand-in for the DeepEP pattern. DeepEP CUDA kernels: not executed; require an  

SM90 GPU, NCCL, and DeepEP.

Filename: c19_deepseek_expert_parallel.py

# File: c19_deepseek_expert_parallel.py
# Illustrative stand-in for DeepEP dispatch + combine and a per-expert GEMM.
# DeepEP CUDA path: not executed; requires SM90 GPU, NCCL, NVLink or IB.
# CPU stand-in: executed.

import numpy as np

def softmax(x, axis=-1):
    x = x - x.max(axis=axis, keepdims=True)
    e = np.exp(x)
    return e / e.sum(axis=axis, keepdims=True)

def dispatch(tokens, topk_idx, n_experts):
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    buckets = [[] for _ in range(n_experts)]
    owners = [[] for _ in range(n_experts)]
    T, k = topk_idx.shape
    for t in range(T):
        for slot in range(k):
            e = int(topk_idx[t, slot])
            buckets[e].append(tokens[t])
            owners[e].append(t)
    packed = []
    for e in range(n_experts):
        if buckets[e]:
            packed.append((np.stack(buckets[e], axis=0), np.array(owners[e], dtype=np.int32)))
        else:
            packed.append((np.zeros((0, tokens.shape[1])), np.zeros((0,), dtype=np.int32)))
    return packed

def combine(expert_outs, owners, weights, topk_idx, T, d):
    y = np.zeros((T, d), dtype=np.float64)
    for e, out_e in enumerate(expert_outs):
        if out_e.shape[0] == 0:
            continue
        for row, t in enumerate(owners[e]):
            slots = np.where(topk_idx[t] == e)[0]
            if slots.size:
                y[t] += weights[t, slots[0]] * out_e[row]
    return y

rng = np.random.default_rng(3)
T, d, E, k = 8, 16, 8, 2
tokens = rng.normal(size=(T, d))
W_r = rng.normal(size=(d, E)) / np.sqrt(d)
probs = softmax(tokens @ W_r, axis=-1)
topk_idx = np.argsort(-probs, axis=1)[:, :k]
topk_w = np.take_along_axis(probs, topk_idx, axis=1)
topk_w = topk_w / topk_w.sum(axis=1, keepdims=True)
experts = [(rng.normal(size=(d, 32)) / 4, rng.normal(size=(32, d)) / 6) for _ in range(E)]
packed = dispatch(tokens, topk_idx, E)
expert_outs, owners = [], []
for e, (local, tok_ids) in enumerate(packed):
    if local.shape[0] == 0:
        expert_outs.append(local)
    else:
        W_in, W_out = experts[e]
        expert_outs.append(np.maximum(local @ W_in, 0.0) @ W_out)
    owners.append(tok_ids)
y = combine(expert_outs, owners, topk_w, topk_idx, T, d)
print("tokens, hidden, experts, k:", T, d, E, k)
print("active fraction:", k / E)
print("tokens received per expert:", [int(p[0].shape[0]) for p in packed])
print("output shape:", y.shape)
print("output finite:", bool(np.isfinite(y).all()))
# Output when run:
# tokens, hidden, experts, k: 8 16 8 2
# active fraction: 0.25
# tokens received per expert: [2, 2, 2, 2, 2, 0, 5, 1]
# output shape: (8, 16)
# output finite: True

24.7 Comparison table

Provider Training 
chips

Inference 
chips

Framework Compiler Parallelism What is 
UNKNOWN

Google TPU v5p TPU v6e, JAX, XLA Mesh, Gemini cluster 
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DeepMind (8,960/pod), 
v6e (256/pod), 
TPU7x 
(9,216/pod); 
TPU 8t 
announced 
9,600/pod and 
"up to a 
million chips" 
with Pathways

TPU7x; TPU 
8i announced

MaxText; 
PyTorch-on-
TPU preview

NamedShardin
g, jit; Pathways

size and mix; 
TPU 8t/8i 
Cloud GA at 
snapshot

Meta NVIDIA H100 
clusters 
(24,576 x2 
published; 
16,000+ for 
Llama 3.1 
405B; 32,000 
FP8 for Llama 
4 Behemoth; 
129,000 H100 
described); 
MTIA 300 for 
ranking-and-
recommendatio
n training; 
"hundreds of 
thousands" of 
MTIA chips in 
production

H100 hosts for 
Llama 4; 
MTIA family; 
Catalina racks 
with 72 
Blackwell 
GPUs

PyTorch Triton, MLIR, 
LLVM on 
MTIA; CUDA 
and Triton on 
GPU

FSDP / 
FSDP2; HCCL 
(Hoot) on 
MTIA

Muse Spark 
cluster; 
whether MTIA 
is the primary 
LLM 
pretrainer; 
custom library 
source

Microsoft Azure ND 
H100/H200/G
B200/GB300 
and MI300X 
VMs; MAI-
Base-1 on 
8,192 GB200; 
Maia 100

Same GPU 
VMs; Maia 
200 (up to 
6,144 
accelerators); 
ONNX 
Runtime

PyTorch + 
DeepSpeed 
(public); 
YOLO on 
PyTorch (in-
house name)

Maia Triton 
and NPL; 
DeepSpeed 
kernels

DeepSpeed 
ZeRO 1/2/3, 
Ulysses, 
DeepSpeed-
MoE; YOLO 
ZeRO + TP + 
EP64

Fairwater 
installed totals; 
Maia fleets; 
YOLO source

Anthropic Google Cloud 
TPUs (up to 1 
million 
planned); 
AWS 
Trainium2/3/4 
and Project 
Rainier; 
Anthropic: 
"over one 
million 
Trainium2 
chips to train 
and serve 
Claude" (20 
Apr 2026); 
NVIDIA GPUs 

Same three 
families; 
majority of 
serving on 
Trainium2 as 
of late 2025 
(Jay Gray 
talk); Bedrock, 
Vertex AI, 
Azure Foundry

Framework 
families 
PUBLISHED 
(PyTorch, 
JAX, Triton); 
internal 
product name 
UNKNOWN

UNKNOWN 
internally; 
Neuron 
compiler on 
Trainium; 
JAX-on-TPU 
path described 
in a public 
Google Cloud 
talk

UNKNOWN 
internally

Internal 
framework 
name; chip 
split per named 
Claude run; 
flagship layer 
table
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named

SpaceXAI Colossus 
product page: 
200,000 H100. 
Official news 
+ S-1: 
Colossus 1 
>220k 
H100/H200/G
B200; 
Colossus II 
~110k GB200 
then 110k 
GB300; next 
phase ≥220k 
more GB300; 
~1.0 GW 
combined; 
Grok 4.5 on 
tens of 
thousands of 
GB300

Serving-fleet 
census 
UNKNOWN; 
Grok 4.5 
training named 
GB300

Grok-1: JAX + 
Haiku + Rust; 
later stack 
FOUNDER as 
C/C++; official 
Grok 4.5 page 
names an 
asynchronous 
training stack 
without 
releasing it

UNKNOWN 
for current 
stack; Grok-1 
used XLA via 
JAX

Grok-1: pjit, 
PartitionSpec, 
shard_map

Grok 4.7 
layer/expert/pr
ecision table; 
C/C++ sources

DeepSeek V3: 2,048 
H800; V4 
cluster size 
UNKNOWN 
(paper silent). 
V4 architecture 
PUBLISHED 
(Pro 61L/384E 
top-6; Flash 
43L/256E top-
6)

V3: same 
H800 cluster 
with EP32 
prefill and 
EP320 decode; 
V4 production 
chips 
UNKNOWN

HAI-LLM 
named in V3 
report, not in 
V4 paper; 
TileLang DSL 
named in V4; 
PyTorch-
facing open 
libs

DeepGEMM 
runtime CUDA 
JIT; TileLang; 
no XLA analog

DualPipe 
PP16, EP64, 
ZeRO-1; 
DeepEP all-to-
all; hybrid 
ZeRO for 
Muon

V4 pretrain 
cluster size; 
whether HAI-
LLM is still 
the name

24.8 Source table

# Title Organization URL Date on page

1 Two chips for the 
agentic era

Google https://blog.google/
innovation-and-ai/
infrastructure-and-
cloud/google-cloud/
eighth-generation-tpu-
agentic-era/

22 April 2026

2 Ironwood: The first 
Google TPU for the 
age of inference

Google https://blog.google/
innovation-and-ai/
infrastructure-and-
cloud/google-cloud/
ironwood-tpu-age-of-
inference/

9 April 2025

3 Announcing Ironwood Google Cloud https:// 6 November 2025
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TPUs General 
Availability

cloud.google.com/
blog/products/
compute/ironwood-
tpus-and-new-axion-
based-vms-for-your-
ai-workloads

4 From silicon to 
softmax: Inside the 
Ironwood AI stack

Google Cloud https://
cloud.google.com/
blog/products/
compute/inside-the-
ironwood-tpu-
codesigned-ai-stack

6 November 2025

5 Announcing the 
general availability of 
Trillium

Google Cloud https://
cloud.google.com/
blog/products/
compute/trillium-tpu-
is-ga/

11 December 2024

6 TPU machines in 
accelerator-optimized 
machine family

Google Cloud https://
docs.cloud.google.co
m/compute/docs/tpus/
tpu-machines

22 September 2026

7 Introduction to 
Pathways on Cloud

Google Cloud https://
docs.cloud.google.co
m/ai-hypercomputer/
docs/workloads/
pathways-on-cloud/
pathways-intro

22 September 2026

8 Building production 
AI on Google Cloud 
TPUs with JAX

Google Developers https://
developers.googleblog
.com/building-
production-ai-on-
google-cloud-tpus-
with-jax

19 November 2025

9 Four MTIA Chips in 
Two Years

Meta AI https://ai.meta.com/
blog/meta-mtia-scale-
ai-chips-for-billions/

11 March 2026

10 Expanding Meta's 
Custom Silicon

Meta https://about.fb.com/
news/2026/03/
expanding-metas-
custom-silicon-to-
power-our-ai-
workloads/

11 March 2026

11 Building Meta's 
GenAI Infrastructure

Meta Engineering https://
engineering.fb.com/
2024/03/12/data-
center-engineering/
building-metas-genai-
infrastructure/

12 March 2024

12 Meta's Infrastructure 
Evolution and the 
Advent of AI

Meta Engineering https://
engineering.fb.com/
2025/09/29/data-

29 September 2025
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infrastructure/metas-
infrastructure-
evolution-and-the-
advent-of-ai/

13 The Llama 4 herd Meta AI https://ai.meta.com/
blog/llama-4-
multimodal-
intelligence/

5 April 2025

14 Maia 200: The AI 
accelerator built for 
inference

Official Microsoft 
Blog

https://
blogs.microsoft.com/
blog/2026/01/26/maia-
200-the-ai-accelerator-
built-for-inference/

26 January 2026

15 Azure Maia for the era 
of AI

Azure Blog https://
azure.microsoft.com/
en-us/blog/azure-
maia-for-the-era-of-ai-
from-silicon-to-
software-to-systems/

3 April 2024

16 Deep dive into the 
Maia 200 architecture

Microsoft Tech 
Community

https://
techcommunity.micros
oft.com/blog/
azureinfrastructureblo
g/deep-dive-into-the-
maia-200-
architecture/4489312

26 January 2026

17 ND GB200-v6 size 
series

Microsoft Learn https://
learn.microsoft.com/
en-us/azure/virtual-
machines/sizes/gpu-
accelerated/nd-gb200-
v6-series

updated 2026

18 Building a hill-
climbing machine

Microsoft AI https://microsoft.ai/
news/building-a-
hillclimbing-machine-
launching-seven-new-
mai-models/

2 June 2026

19 Expanding our use of 
Google Cloud TPUs 
and Services

Anthropic https://
www.anthropic.com/
news/expanding-our-
use-of-google-cloud-
tpus-and-services

23 October 2025

20 Google and Broadcom 
partnership compute

Anthropic https://
www.anthropic.com/
news/google-
broadcom-partnership-
compute

6 April 2026

21 Anthropic and 
Amazon expand 
collaboration

Anthropic https://
www.anthropic.com/
news/anthropic-
amazon-compute

20 April 2026
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22 AWS activates Project 
Rainier

Amazon https://
www.aboutamazon.co
m/news/aws/aws-
project-rainier-ai-
trainium-chips-
compute-cluster

2025

23 AWS Neuron 
Documentation

AWS https://awsdocs-
neuron.readthedocs-
hosted.com/

17 August 2026 
(Neuron 2.32.0)

24 Colossus SpaceXAI https://x.ai/colossus retrieved September 
2026

25 Open Release of 
Grok-1

xAI https://x.ai/blog/grok-
os

17 March 2024

26 Announcing Grok xAI https://x.ai/blog/grok 4 November 2023

27 grok-1 repository xAI https://github.com/xai-
org/grok-1

March 2024

28 DeepSeek-V3 
Technical Report

DeepSeek-AI https://arxiv.org/abs/
2412.19437

27 December 2024, 
rev. 18 February 2025

29 Insights into 
DeepSeek-V3

DeepSeek-AI https://arxiv.org/abs/
2505.09343

14 May 2025, rev. 23 
December 2025

30 DeepSeek-V4 DeepSeek-AI https://arxiv.org/abs/
2606.19348

26 April 2026

31 DeepEP repository DeepSeek-AI https://github.com/
deepseek-ai/DeepEP

updated September 
2026

32 DualPipe repository DeepSeek-AI https://github.com/
deepseek-ai/DualPipe

2025

33 JAX sharding docs Google / JAX https://
jax.readthedocs.io/en/
latest/
jax.sharding.html

2026

34 DeepSpeed ZeRO 
tutorial

Microsoft / 
DeepSpeed

https://
www.deepspeed.ai/
tutorials/zero/

crawled September 
2026

35 FSDP2 tutorial PyTorch https://
docs.pytorch.org/
tutorials/
intermediate/
FSDP_tutorial.html

updated 2 September 
2025

36 New Compute 
Partnership with 
Anthropic

SpaceXAI https://x.ai/news/
anthropic-compute-
partnership

6 May 2026

37 Introducing Grok 4.5 SpaceXAI https://x.ai/news/grok-
4-5

16 July 2026

38 xAI Raises $20B 
Series E

SpaceXAI https://x.ai/news/
series-e

6 January 2026

39 SpaceX Form S-1 
free-writing 
prospectus

SpaceX https://
www.sec.gov/
Archives/edgar/data/

June 2026
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1181412/0001628280
26041013/
japanfwp_06042026.h
tm

40 SpaceX Reports 
Second Quarter 2026 
Results

SpaceX SEC accession 
0001628280-26-
052515

4 August 2026

41 TPU 8t and TPU 8i 
technical deep dive

Google Cloud https://
cloud.google.com/
blog/products/
compute/tpu-8t-and-
tpu-8i-technical-deep-
dive

22 April 2026

42 DSec: DeepSeek 
Elastic Compute

DeepSeek-AI https://arxiv.org/abs/
2609.22978

19 September 2026

43 Introducing Muse 
Spark

Meta AI https://ai.meta.com/
blog/introducing-
muse-spark-msl/

8 April 2026

44 MTIA 300 built-in 
NICs

Meta Engineering https://
engineering.fb.com/
2026/08/24/
networking-traffic/
mtia-300-meta-
training-chip-built-in-
nics/

24 August 2026

Founder  posts  cited  only  as  FOUNDER,  not  as  architecture  manuals: 

https://x.com/elonmusk/status/2059884150187053488  (28  May  2026), 

https://x.com/elonmusk/status/2071385784154759468  (29  June  2026), 

https://x.com/elonmusk/status/2099500295931789493  and 

https://x.com/elonmusk/status/2099308197802631191  (14  September  2026).  Re-verification  of  every 

UNKNOWN  item,  with  pages  checked  on  24  September  2026,  is  in 

`Section_26_verification_addendum.md`.

24.9 Why this section matters to the thesis

The thesis is that AI has begun to measurably accelerate AI development. Acceleration is not only a  

model-quality story. It is also a stack story. A laboratory that owns the compiler, the sharding plan, the 

communication library, and the cluster scheduler can let a model write the next kernel, the next expert-

parallel  schedule,  or  the  next  training  job  against  a  surface  that  actually  runs.  Google  DeepMind's  

published JAX, XLA, and Pathways path is the clearest example: one compiled function with explicit  

shardings is what Pathways already schedules across TPU slices, so an AI coding agent that emits that  

function is  already on the training critical  path.  Meta's  published surface is  PyTorch FSDP. That  is  
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enough for an agent to write a sharded step, but the custom libraries around FSDP are closed, so the same 

agent cannot see the full loop. Microsoft publishes DeepSpeed and the Maia SDK for customers, and 

discloses YOLO by name for MAI training, without releasing YOLO. Anthropic publishes framework 

families (PyTorch, JAX, Triton) but no named training system and no kernel sources. Its multi-cloud 

hardware strategy buys capacity, not a public compiler, which means Claude can help write Neuron or 

JAX code but cannot be shown to be compiling Claude. SpaceXAI published a JAX, Haiku, and Rust 

stack  once,  for  Grok-1.  Founder  posts  now describe  a  C  and  C++ rewrite  mapped  to  GB300-class 

hardware. If that rewrite holds, the inspectable surface shrinks just as cluster scale grows. DeepSeek is the 

opposite case: a 2,048-H800 run, FP8 training, DualPipe, DeepEP, and DeepGEMM are all in public 

papers and repositories, so an outside model can already imitate the communication pattern that made that  

run cheap.

Those  differences  change  how fast  each  provider  can  use  AI  to  accelerate  its  own development.  A 

published, compiler-first stack raises the number of experiments per week that a model can design and  

run. A closed stack can still use models internally, but outsiders cannot measure it, and the laboratory 

itself is limited to whatever interfaces it has instrumented. Custom silicon (TPU, MTIA, Maia, Trainium) 

only compounds that effect if the software on top of the chip is stable enough for a model to target. The  

failure classes in Section 14 sit on the other side of the same line: a faster stack that still forgets last  

week's  fix,  or  that  edits  a  protected file,  spends the extra  capacity  on rework.  Section 25's  required 

memory,  fail-closed  permissions,  and  checks  remain  the  way  a  team  captures  the  acceleration  this 

section's stacks make possible.

24.10 Verification addendum (24 September 2026)

The items tagged UNKNOWN in this section were re-checked on 24 September 2026 against provider 

official pages, papers, repositories, and SEC filings. Several counts that had been left UNKNOWN were 

already published on official pages other than a single product landing page. Those upgrades are written 

into 24.1 through 24.8 above. The remaining UNKNOWN list, the pages re-fetched, and the sources that  

were not used as upgrades are in the companion file `Section_26_verification_addendum.md`, reproduced 

below.

Section 24 verification addendum

Re-checked  24  September  2026  against  primary  sources  only  (provider  official  pages,  papers, 

repositories, and SEC filings). Secondary directories, satellite estimates, and founder posts were used only 

as search leads. They never upgrade a tag by themselves.
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Rule used: UNKNOWN stays UNKNOWN unless a provider's own page, paper, repository, or SEC filing 

publishes the number or name. Silence after a hard search is recorded, not filled.

What changed

Item previously tagged UNKNOWN New tag Primary source

SpaceXAI H200 / GB200 / GB300 / 
Colossus II chip counts

PUBLISHED + DISCLOSED x.ai/news/anthropic-compute-
partnership (6 May 2026); 
x.ai/news/series-e (6 Jan 2026); 
x.ai/news/grok-4-5 (16 Jul 2026); 
SpaceX S-1 FWP File 333-296070

Grok 4.5 training chips PUBLISHED "tens of thousands of NVIDIA GB300 
GPUs," x.ai/news/grok-4-5

Grok 4.5 / V9 parameter count DISCLOSED SpaceX Q2 2026 earnings: "1.5 trillion-
parameter V9 foundation model"

Anthropic Trainium2 fleet PUBLISHED (stronger than Amazon-
only quote)

Anthropic, 20 Apr 2026: "We currently 
use over one million Trainium2 chips to 
train and serve Claude."

Anthropic framework families PUBLISHED as families, not as a 
product name

Anthropic transparency: "PyTorch, 
JAX, and Triton." Google Cloud talk 7 
Jul 2026 describes a JAX-on-TPU path.

Meta MTIA fleet bound PUBLISHED bound, exact N still 
UNKNOWN

"hundreds of thousands of MTIA chips 
in production," 11 Mar 2026

Meta MTIA compiler backends PUBLISHED Triton, MLIR, LLVM; HCCL = Hoot 
Collective Communications Library

DeepSeek V4 architecture table already PUBLISHED in the V4 paper; 
now copied into §24.6

arXiv:2606.19348: Pro 61L / 384 
routed / top-6; Flash 43L / 256 routed / 
top-6

DeepSeek RL sandbox layer PUBLISHED slice DSec, arXiv:2609.22978, 19 Sep 2026

TPU 8t / 8i per-chip specs and 8i pod 
size

DISCLOSED (GA status still 
UNKNOWN)

22 Apr 2026 deep dive + Google 
product account: 8i pod = 1,152 chips

Fairwater job size on the fabric PUBLISHED job, not a site census Azure MLPerf Training: 8,192 GB200 
across 128 racks

The official Colossus *product* page (x.ai/colossus) was re-fetched on 24 September 2026 and still says 

only "200,000 H100 GPUs." That page was not used as a veto. Other official SpaceXAI news posts and  

the SpaceX S-1 are provider documents under the same rule.

Still UNKNOWN after the hard search

These were re-checked. No primary source published the missing number or name as of 24 September 

2026.

Google DeepMind
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Named Gemini training-run chip count, generation mix, and pod topology. Google says TPUs power 

Gemini and that Ironwood is "the custom silicon behind advanced models like Gemini." A TPU-

architecture paper describes Gemini 2.5 as synchronous data-parallel training across multiple 8,960-

chip TPU v5p pods. That is a multi-pod description, not a single N.

Gemini 3.x serving-fleet size.

Closed Gemini flagship layer / expert / precision tables (already UNKNOWN in Sections 9 and 13).

TPU 8t and TPU 8i Cloud general availability. Re-checked:

- https://cloud.google.com/tpu still marks both "*Coming soon.*"

-  https://docs.cloud.google.com/compute/docs/tpus/tpu-machines  last  updated  22  September  2026 lists 

TPU7x, TPU v6e, TPU v5p only.

- Broadcom production shipments of TPU 8i are a foundry fact, not Cloud GA.

Internal compiler flags, Pathways job graphs, Gemini training source.

Meta

GPU count and mix for closed Muse Spark (1.0–1.3) pre-training. Launch post 8 April 2026: rebuilt 

pre-training stack; order-of-magnitude less compute than Llama 4 Maverick to match that model's 

capability; no chip count. Later 1.1 / 1.2 / 1.3 posts and the safety report also omit hardware.

Whether MTIA was the *primary* trainer for any Llama or Muse pre-training run. Official language: 

"tested MTIA with large language models (LLMs) like Llama." MTIA 300 is ranking-and-

recommendation training. MTIA 450 / 500 are "optimized first for GenAI inference" and "can then be 

used to support other workloads as needed, including … GenAI training."

Exact MTIA chips per generation and chips per cluster beyond the 72-device MTIA 400 rack and the 

"hundreds of thousands" fleet bound.

Llama / Muse serving split between GPUs and MTIA.

Names and source of the "custom training libraries" on the Llama 4 model card.

MTIA kernel sources.

Microsoft

Exact installed GPU totals at each Fairwater site. Official phrase remains "hundreds of thousands" of 

GB200 / GB300 GPUs. MLPerf 8,192 GB200 is a published job on that fabric, not a site inventory.

Maia 100 chips used for any named training run.
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Maia 100 and Maia 200 fleet sizes.

YOLO and Rocket source repositories. The MAI-Thinking-1 report names both and describes YOLO 

as an in-house PyTorch training framework with ZeRO, tensor parallelism, 64-way expert 

parallelism, and Ulysses-style context parallelism. Source is not released.

Whether production MAI jobs still use open DeepSpeed rather than YOLO.

Whether ONNX Runtime or the Maia SDK is the serving path for MAI-Thinking-1 on Maia 200.

Anthropic

Internal training-framework *product name*. Framework families (PyTorch, JAX, Triton) are 

published. There is no named analog of MaxText, YOLO, or HAI-LLM.

Which TPU generation trained which named Claude run.

NVIDIA GPU cluster size, generation, and interconnect for Anthropic's own fleet.

Exact Trainium vs TPU vs GPU split per named run.

Flagship layer / expert / precision / attention tables (already UNKNOWN in Sections 13 and 20.1).

NKI kernel sources written by Anthropic. Talks confirm they write Trainium kernels. Sources are not 

public.

SpaceXAI

Grok 4.7 and later official layer / expert / precision / attention tables. Official 4.7 pages say "a new, 

larger base model than Grok 4.6" and 500k context. Parameter counts that appear only in founder 

posts stay FOUNDER.

C / C++ training and inference sources. Founder posts describe the rewrite. No repository.

Whether Colossus still runs any JAX or Rust path.

Exact interconnect, cooling, and per-server GPU counts beyond the published cluster headlines.

Serving-fleet census by chip generation.

Rust crate internals from the 2023 Grok-1 training stack.

DeepSeek

V4 production pre-training cluster size and chip generation. arXiv:2606.19348 HTML was re-read; it 

has no GPU or NPU count for pre-train. V3 published 2,048 H800. That number is not restated for 

V4.

Whether current training still uses the name HAI-LLM. The V3 report used it. The V4 paper does not.
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Closed scheduling and data-pipeline internals beyond the papers' section-level description.

Exact SM occupancy and bandwidth numbers for production V4 serving.

DeepSeek's own V4 production inference-chip list. Hugging Face serving flags are published; a chip 

census is not.

Not  used  as  upgrades:  Huawei-consortium  1,000  Ascend  910C  post-train  of  V4-Pro  (different 

organization,  post-train  not  pre-train);  Bloomberg  160,000 Ascend 950DT planned inference  cluster; 

leaked investor-transcript chip allocations; Epoch AI satellite estimates; Forkast "Iris trains Muse Spark."

Pages re-fetched on 24 September 2026

https://cloud.google.com/tpu

https://docs.cloud.google.com/compute/docs/tpus/tpu-machines

https://docs.cloud.google.com/tpu/docs/tpu7x

https://blog.google/innovation-and-ai/infrastructure-and-cloud/google-cloud/eighth-generation-tpu-

agentic-era/

https://cloud.google.com/blog/products/compute/tpu-8t-and-tpu-8i-technical-deep-dive

https://x.ai/colossus

https://x.ai/news/anthropic-compute-partnership

https://x.ai/news/grok-4-5

https://x.ai/news/series-e

https://www.sec.gov/Archives/edgar/data/1181412/000162828026041013/japanfwp_06042026.htm

https://www.sec.gov/Archives/edgar/data/1181412/000162828026041150/spacexagreementfwp.htm

https://ai.meta.com/blog/meta-mtia-scale-ai-chips-for-billions/

https://about.fb.com/news/2026/03/expanding-metas-custom-silicon-to-power-our-ai-workloads/

https://ai.meta.com/blog/introducing-muse-spark-msl/

https://www.anthropic.com/news/anthropic-amazon-compute

https://www.anthropic.com/news/expanding-our-use-of-google-cloud-tpus-and-services

https://arxiv.org/abs/2606.19348

https://arxiv.org/abs/2609.22978

https://blogs.microsoft.com/blog/2025/11/12/infinite-scale-the-architecture-behind-the-azure-ai-

superfactory
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How to read the remaining UNKNOWNs

Most of what is still UNKNOWN is unpublished on purpose: named-run cluster sizes, closed flagship 

layer tables, and in-house compiler sources. Those are the same class Section 13 already marked as facts 

that should stay unknown until a provider publishes them. Trying harder does not create a number that is  

not on the page.

What trying harder did change is the set of facts that *were* on official pages and had been left tagged 

UNKNOWN because the search stopped at one product page (Colossus), one announcement sentence 

(TPU 8 GA "later this year"), or one vendor blog (Amazon on Rainier) instead of the provider's other  

official documents.

24.11 Verification summary (24 September 2026)

Every UNKNOWN item in this section was re-checked on 24 September 2026 against the provider's own 

pages, papers, repositories, and SEC filings. Secondary directories and founder posts were used only as 

search leads. UNKNOWN stays UNKNOWN unless a primary source publishes the number or name.

Items upgraded from UNKNOWN because they were already on official documents the first pass missed: 

SpaceXAI later-generation Colossus counts (official news plus SpaceX S-1 File 333-296070); Grok 4.5 

trained on tens of thousands of GB300 GPUs; Grok 4.5 / V9 at 1.5 trillion parameters in SpaceX Q2 2026 

earnings; Anthropic's own 20 April 2026 statement of over one million Trainium2 chips; Meta's published 

bound of hundreds of thousands of MTIA chips and the Triton / MLIR / LLVM compiler backends; TPU 

8t and TPU 8i per-chip specifications from the 22 April 2026 deep dive; DeepSeek-V4 layer and expert 

tables; the DSec RL sandbox paper.

Items that  remain UNKNOWN after  that  search:  Gemini  named-run chip  count;  TPU 8t  /  8i  Cloud 

general availability (product page still says Coming soon; Compute Engine docs of 22 September 2026 

still list only TPU7x, v6e, and v5p); Muse Spark pre-training GPU count; whether MTIA is the primary 

Llama or Muse pretrainer; Meta custom-library source; Fairwater exact installed totals; Maia fleet sizes;  

YOLO and Rocket source repositories; Anthropic internal training-framework product name; DeepSeek 

V4 pre-training cluster size; Grok 4.7 official layer / expert / precision table; C and C++ stack source.

The page-by-page checklist is in the companion file Section_26_verification_addendum.md.
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25. Conclusions and recommendations

Why this section matters to the thesis. The conclusions below state the thesis first, then what drives the 

acceleration,  what  limits  its  benefit  in practice,  and how to capture it.  Section 22 then forecasts  the 

acceleration itself.

This section states plainly what the report set out to do, what it found, what it could not determine, and  

where a team building on LLMs should put its attention and money. It adds no new vendor facts. Every 

conclusion points back to the section that holds the evidence.

25.1 What the report set out to do

The report had four goals, stated in Section 1. First, document how LLM architecture actually evolved 

from 2021 to 24 September 2026, separating what laboratories published from what they only announced. 

Second, forecast two timeframes, 2026–2031 and 2031–2041, in a form that can be checked later. Third,  

rank the research and engineering bets by whether they would stop real failures. Fourth, state what should 

be working by 2031 and by 2041 as pass or fail tests. The test bed for the third goal is a development  

incident log with eleven repeated failure patterns, A through K, described in Section 14.

25.2 What we learned

Central conclusion. AI has begun to measurably accelerate AI development. The evidence is quantitative 

for the first  time: an external estimate of about 1.5 times, with perhaps a 30% chance of 2 times; a 

capability index that jumped above its historical trend; laboratories that now restrict model help with  

building AI; and a release cycle that compressed from one to seven top-tier releases a year ("The case").  

The acceleration is early, not dramatic: no laboratory reports a sustained 2 times. The conclusions below 

explain what drives it, what limits it, and how a team captures it.

Conclusion 1. The core of the model is stable; the system around it is where change happens. From 2021 

to 2026 every major model kept the decoder-only transformer with a residual stream (Sections 2,  3, 

16.6.7). The changes that mattered were sparse experts, compressed attention, test-time thinking, memory 

outside the weights, and safety classifiers. For planning, this means the next five years of improvement  

for a product team will  come mostly from the loop around the model,  not from the model's internal  

design.

Conclusion 2. The public record is uneven, and that shapes what can be known. Open laboratories publish 

full architectures; the closed flagships most teams actually use do not (Sections 9, 13, 19.6, 20.1). Any 

claim about the internals of Claude, Grok, or Gemini flagships is a guess unless a card states it. The report  
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keeps those cells UNKNOWN on purpose. A team should make decisions from documented behavior,  

limits, and prices, which vendors do publish, rather than from rumored parameter counts.

Conclusion 3. Scale and context are the engine; enforcement is the steering. The evidence points both 

ways, and both matter. On capability, scale keeps paying. Anthropic's own capability index for Claude 

rose about 14.7 points a year through Opus 4.6, with a further jump at Mythos Preview, and Opus 5.5 

scored  higher  than  Opus  5  on  every  evaluation  in  its  capability  summary (PUBLISHED,  Anthropic  

2026e, Executive Summary and Section 2.3.5). SpaceXAI attributes Grok 4.7's coding gains to a larger 

base and a longer reinforcement-learning run (DISCLOSED, Section 19.2). Product windows grew about 

five hundredfold in five years. On reliability, the same scale features did not retire the incident log's  

eleven patterns (Sections 14.2, 14.3). The conclusion is not that scale is unimportant. Scale raises the  

ceiling; required memory, permissions, and checks decide how often a team actually reaches it.

Conclusion 4. The costly failures are enforcement failures. The failures with the highest cost per incident  

were edits to protected files, fixes lost in rebuilds, and errors swallowed on paid API calls (Section 14.1). 

Each has a known control: deny rules, required checks, and no empty catch. Each control existed in 2026. 

In the sessions that failed, none was mandatory.

Conclusion 5.  Required steps are moving out of the model request  and into the harness.  Anthropic's 

current flagship rejects forced tool use (Section 20.3), and its hook documentation says a hook blocks 

only on a specific exit code and fails open on errors and timeouts (Section 20.8). SpaceXAI's hooks can  

also fail open (Section 19.4). The practical consequence: guarantees such as "never touch this file" or 

"read logs before diagnosing" are the developer's responsibility, built with permission rules, hooks, and 

checks.

Conclusion 6. Memory is now a design decision, not a model property. Compaction summarizes old turns 

and can drop rules; memory files and chat search persist only what someone writes down or searches for  

(Sections 20.4, 20.13 Changes 2 and 3). A team that wants its decisions remembered must store them in 

files that are loaded at every session start and after every compaction.

Conclusion  7.  Safety  architecture  shows  what  quality  architecture  could  become.  The  probe-plus-

classifier cascade that Anthropic uses to gate harmful requests (Section 20.6) is the clearest working 

example of a check that runs beside the model on every exchange. Extending that pattern from harm to 

ungrounded claims is  the most  plausible  path to  making "evidence before  claims" a  property of  the  

service rather than of each developer's harness (Section 18.1; Section 20.13 Change 6).
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Conclusion  8.  The  long-range  bets  are  worth  watching,  not  waiting  for.  Learned  memory  modules, 

reliable ten million token quality, and a hybrid chassis could change the picture after 2031 (Sections 11,  

18). None is a product fact in 2026. A plan that depends on them delays fixes that are available now.

Conclusion 9. Training explains both the progress and the habits. At the parameter level, every capability 

and every habit is the sum of tiny gradient steps toward a training signal (Section 21.2). Pretraining at 

scale raises the ceiling; reinforcement learning decides behavior, and it rewards whatever the trainers can 

measure.  Vendors report  that  flawed training environments cause misaligned behavior and that some 

snapshots gamed their graders (Section 21.5). As training shifts to verified rewards, harness-native tasks,  

and eventually learning during use, several failure classes should fall at the source (Section 21.6). Until 

then, the controls in Section 25.4 catch what training has not yet fixed.

25.3 What we could not determine

The report could not determine the internal architecture of any current closed flagship: layers, experts, 

hidden size, dense versus mixture of experts, attention family, or precision (Sections 13, 19.6, 20.1). It 

could not determine whether Claude Opus 5.5 shares a base model with Fable 5.1 (Section 20.1). It could 

not verify how Claude Projects store and retrieve knowledge beyond the published search scope (Section  

20.4). It does not know whether any vendor will make memory reads or evidence checks mandatory, 

which is the central forecast of Timeframe 1. These gaps are recorded, not filled.

25.4 Where to focus attention and resources

The recommendations are ordered by expected reduction in rework per unit of effort. Each one states 

what to do, how to tell it worked, and roughly what it costs. Items 1 to 5 require no new model, no vendor  

change, and no research result.

Recommendation 1. Make decision memory load every session. What to do: keep standing rules, dated 

decisions, and past fixes in version-controlled files; load them automatically at session start and after  

every compaction; keep one file per recurring failure class with its rule and examples. How to tell it  

worked: in a new session, the agent cites a relevant earlier fix before proposing a diagnosis, without being  

asked. Cost: low; a few files and one session-start hook. Evidence: Sections 14.4 Priority 1, 20.4, 20.11.

Recommendation 2. Protect files and paid paths with controls that fail closed. What to do: deny rules for  

protected files in the tool's permission system; blocking hooks as a second layer that deny explicitly rather 

than exit  with an error;  test  each control  once with a  deliberate  violation.  How to tell  it  worked:  a 

deliberate edit to a protected file is refused every time. Cost: low. Evidence: Sections 14.4 Priority 3,  

20.8.
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Recommendation 3. Make regression checks required, and able to block a finish. What to do: one check 

script that covers every edition of the product and its documentation; run it after every edit and again 

before the agent may declare the work done; also run it in continuous integration before any release. How 

to tell it worked: a fix removed by a rebuild or left in only one edition fails the check before a user sees it.  

Cost: moderate; the script must be written and maintained. Evidence: Sections 14.4 Priorities 4 and 5,  

20.11.

Recommendation 4. Require evidence before claims, in the harness. What to do: a rule, enforced by a  

hook  or  agent  step,  that  a  diagnosis  must  follow  a  read  of  the  relevant  logs  and  source;  a  live 

authenticated call for any key validation; a rule that missing events are not treated as failures. How to tell  

it  worked:  diagnoses  in  session  transcripts  cite  the  log  lines  or  code  they  rest  on.  Cost:  moderate.  

Evidence: Sections 14.4 Priority 2, 20.3, 20.9.

Recommendation 5. Treat every paid API call as a transaction in application code. What to do: no empty 

catch blocks; verify that references and attachments are present before spending; check refusal and error 

fields, not only the HTTP status; cap spend in code. How to tell it worked: a failed paid call always 

produces  a  visible  error  and  never  a  silent  fallback.  Cost:  low to  moderate,  one  code  review pass.  

Evidence: Sections 14.4 Priority 6, 19.5, 20.6.

Recommendation 6. Ground generated text in canon files, and use a second model only as a checker. 

What to do: keep approved product facts, limits, and wording in canon files; require generated copy to 

match them; let a second model score a change against the same files, never rewrite the application. How 

to tell it worked: no product limit or feature claim appears that is absent from the canon files. Cost: low 

once 1 to 5 exist. Evidence: Sections 14.4 Priorities 7 and 8, 19.13.

Recommendation  7.  Set  effort  deliberately  and measure  retries,  not  tokens.  What  to  do:  choose  the 

thinking effort per task type instead of relying on defaults, which changed between model versions; track 

how often work must be redone rather than the cost of the first call. How to tell it worked: rework per task 

falls, even if cost per call rises. Cost: low. Evidence: Sections 20.5, Appendix C.

25.5 Scale and context windows: why they are core, and how to spend on them

Why they are core. Almost every capability gain in the documented period traces to scale in some form:  

more parameters in the base, more reinforcement learning, longer context, and more test-time compute 

(Sections 16.1 to 16.5). Larger windows are what make whole-repository work possible at all. Anthropic 

reports early testers completing a 680,000-line code migration in less than a day and auditing a 200,000-

line codebase in under three hours on Opus 5.5 (DISCLOSED, Anthropic 2026b). Work of that size 
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cannot be done inside a small window. The forecasts in Sections 11, 17, and 18 assume scale continues: 

ten million token windows, multi-trillion parameter bases, and cheaper attention to serve them.

What to buy. Use the strongest  available model and its  full  window for the work that  needs them: 

codebase-wide audits, migrations, changes that span every edition of a product, and long log analysis.  

Keep smaller, cheaper models for short, well-specified tasks. Re-evaluate at every major release, because 

each generation has moved the ceiling.

How to buy it well. Buy measured capability, not announced size. Closed laboratories do not publish 

parameter counts, so a parameter race cannot be verified from outside; prices, windows, output limits, and 

evaluation results are published and can be compared (Sections 9, 19.2, 20.3). Measure each new model 

on a replay of your own past sessions, not only on vendor benchmarks.

What scale does not do alone. A larger window is not memory until the agent is required to search it, 

and a larger model still edits a protected file unless a control refuses the edit (Sections 14.2, 14.3, 20.10).  

Pair every scale upgrade with Recommendations 1 to 5. The two compound: the bigger the model and 

window, the more a required search can find and the more a required check can verify.

What not to do. Do not upgrade models expecting workflow failures to disappear on their own; the 

incident  log  shows  they  persist  across  releases  (Section  14.2).  Do  not  treat  precision,  hardware,  or 

multimodal features as reliability measures; they change cost and capability, not discipline (Section 11, 

Tracks 7 and 8).

25.6 What to watch, and what would change these recommendations

Watch item Trigger that changes the plan What to do if it happens
Vendor fail-closed hooks A vendor documents hooks that block on 

errors and timeouts by default
Retire custom second-layer hooks after 
testing

Mandatory memory reads A vendor documents a mode that reads 
memory before the first claim

Pilot it against Recommendation 1 files

Quality classifiers A vendor documents a classifier that flags 
ungrounded claims

Pilot it as a complement to 
Recommendation 4

Learned memory modules A production card describes inspectable, 
revertible test-time memory

Evaluate on a replay of past sessions 
before adopting

Long-context quality data A card publishes accuracy by depth at one 
million tokens or more

Reconsider loading whole repositories and 
logs at once

Closed-model architecture A closed flagship card states layers, 
experts, or precision

Move those rows out of UNKNOWN in 
Sections 9, 19, 20

Next scale step A flagship ships a materially larger base, 
or a window of ten million tokens with 
published quality data

Replay past sessions on it; move long-
horizon work to it if it wins

Training disclosures A card reports rewards on verified 
outcomes, lower grader gaming, fewer 
unverified claims, or training on its own 
coding agent

Replay past sessions on that model; relax 
the matching controls only if the classes 
fall
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25.7 Bottom line

AI has begun to measurably accelerate AI development, and the pace of change every team must absorb is 

rising with it. Scale and context are the engine: they set the ceiling on what a model can do, and a team 

should buy as much of both as its work can use. The failures that cost the most time and money are about  

reliability, not the ceiling, and they do not wait for the next model. Put effort into memory that loads  

every session,  controls  that  fail  closed,  checks that  can block a finish,  and evidence required before  

claims, and pair them with the strongest model and largest window the work needs. Watch the long-range  

research, measure it against the same failure log when it arrives, and adopt it only when it passes.

25.8 The architectural conclusion

Why this section matters to the thesis. This conclusion describes how the architecture changed. Read 

with the thesis, it describes the machinery whose development AI is now speeding up. Section 25 gives  

the report's full conclusions and Section 22 forecasts the acceleration itself.

the 2017 baseline ends where the industry still begins: a transformer that predicts the next token, with 

attention as memory addressing and residuals as the path for depth. Everything distinctive about a 2026 

product is a decision about gating and about where the past is allowed to live. Experts gate modules. 

Gated linear units gate features. Attention, now often sparse or latent, gates tokens. Compaction gates the 

prompt. A thinking budget gates test-time FLOPs. Four-bit storage gates how cheaply sleeping experts sit  

in memory.

The historical movement is not RNNs died and transformers won. It is recurrent state shrank into a cache, 

gates  multiplied  across  new axes,  and  the  forget  operator  moved into  the  product.  Encoder-decoder 

became the ancestor of retrieval and of multimodal front ends, not the chat core. Open reports from 2026 

make that statement quantitative. Closed reports make it a system-card statement with a missing diagram.

The five-lab contrast is the other half of the conclusion. Anthropic is building a control plane. SpaceXAI 

is building a training stack. Google is building a multimodal plus silicon stack. Meta is collapsing active  

parameters and spreading weights. Microsoft is routing mid-size specialists. A ten-year research program 

that ignores those differences will study the wrong object. A ten-year program that invents the missing 

Claude table will  study a fiction. The responsible way to study the next decade is to keep the 2017  

chassis, add sparsity and test-time compute, use DeepSeek-V4, Gemma 4, or Kimi K3 as the worked 

example, and leave the unpublished closed-lab diagrams marked UNKNOWN.
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Appendix A. Glossary

Active parameters. Weights that participate in a forward pass for one token. In a mixture-of-experts 

model this is much smaller than total parameters.

Adaptive thinking. A trained policy that decides how many thought tokens to emit before the visible 

answer.

Causal mask. Attention rule that forbids position i from seeing j > i.

Classifier cascade. Anthropic serving design: a cheap probe, then a heavier classifier, then possibly a 

fallback model.

Compaction. Lossy summary or drop of older turns so a long session stays inside the window.

Cross-attention. Queries from one stack, keys and values from another. Present in encoder-decoder. 

Absent in decoder-only text cores.

CSA / HCA. Compressed sparse attention and heavily compressed attention in DeepSeek-V4.

Decoder-only. One causal stack that both reads the prompt and writes the answer.

Deep Think. Gemini product mode that spends more test-time compute, including parallel hypotheses.

Effort / thinking_level. User-visible knob that scales thought tokens.

Encoder-decoder. Two stacks. Bidirectional read, causal write, cross-attention between them.

Encrypted reasoning blob. Grok 4.7 product state the client must send back so hidden thoughts persist.

Expert. One feed-forward network in a mixture-of-experts bank.

Forget gate. In the 2017 LSTM, a sigmoid over the cell. In 2026 products, compaction, cache eviction, 

and dropped blobs.

FP4 / MXFP4 / NVFP4. Four-bit floating formats used for routed experts at inference in 2026 open 

reports.

FP8. Eight-bit floating format common in mixed-precision pretrain and in attention or router serving.

Gated linear unit. Feature-wise gate inside a feed-forward block (SwiGLU, GeGLU).

GQA. Grouped-query attention. Groups of query heads share keys and values.

KV cache. Stored keys and values for past tokens, per layer, used at decode.

KDA. Kimi Delta Attention, published in the Kimi K3 report.
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Local / global attention. Gemma pattern: many sliding-window layers, rare full-window layers.

MLA. Multi-head latent attention. Store a latent code instead of full per-head keys and values.

MoE. Mixture of experts. Router selects k of N feed-forward experts per token.

Prefill / decode. Parallel encoding of the prompt versus serial generation of new tokens.

Residual stream. Additive highway across layers. Closest 2026 relative of the LSTM cell.

RoPE. Rotary position embeddings on queries and keys.

Shared expert. An expert that always runs, in addition to the routed top-k.

Thought signature. Gemini product token that carries thought state across turns.

Total parameters. All stored weights, including sleeping experts.

Ultra mode. GPT-5.6 product mode that coordinates parallel subagents.

Window versus kernel. Advertised context length versus the attention algorithm that implements it.

World model branch. A generative media or action model beside the chat decoder (Gemini Omni).
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Appendix B. Figure list

Figure 0. Four eras, 2021–2041.

Figure 1. Encoder-decoder versus decoder-only.

Figure 2. Four axes of gating (time, features, modules, decode).

Figure 3. Mixture-of-experts layer with published 2026 counts.

Figure 4. Attention families from multi-head to hybrid sparse and local-global.

Figure 5. Context memory stack: weights, cache, compaction, files, retrieval.

Figure 6. Adaptive reasoning as extra decode.

Figure 7. Precision stack, 2025–2026.

Figure 8. Five laboratory design bets.

Figure 9. Progress under compounding acceleration.

Figure 10. Total size versus per-token cost in a mixture-of-experts model.

Figure 11. When attention's quadratic term takes over.

Figure 12. Key-value cache size.

Figure 13. Test-time compute with a perfect verifier.

Figure 14. Weight memory versus size and precision.

Figure 15. The scaling law.

Figure 16. Cross-entropy loss over two logits.

Figure 17. Gradient descent on a loss landscape.

Figure 18. Reward misspecification moves the optimum.

Figure 19. Capability feedback.

Figure 20. When the 2041 forecast arrives.
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Appendix C. Worked numerical examples

Example A. Active fraction. V4-Pro 49 billion / 1.6 trillion = 3.06 percent of stored weights fire per 

token. Maverick 17 billion / 400 billion = 4.25 percent. Gemma 4 26B-A4B 3.8 / 25.2 is about 15 percent.  

Dense Gemma 31B is 100 percent. Lesson: 1.6 trillion model without active percent is not a compute 

claim.

Example B. Window versus kernel. Claude 1 million and Gemini 1 million are product windows. Grok 

4.7 is 500,000. Scout claims 10 million instruct. Only V4 and Gemma 4 tell you the kernel (compressed  

sparse plus heavily compressed plus 128 local; sliding window 1024 plus global). Do not equate window 

to bidirectional encoder memory.

Example C. Bits. If routed experts are FP4 and the rest FP8, most stored bytes sit in the experts. Attention 

and router stay wider because they run on every token. That is why the model is 4-bit is almost always 

false for a 2026 flagship.

Example D. Thinking tokens. Effort is extra decode, not extra layers. A high-effort call can cost more 

than switching SKU. Deep Think adds parallel hypotheses. Serial trace is the Anthropic and SpaceXAI 

default.

Example E. Output caps. Claude top SKUs allow 128,000 output tokens. Gemini 3 Pro allows 64,000.  

Grok 4.7 documents no text output limit. Those are product numbers, not layer depths.

Example F. Two policies, one weight. Fable 5.1 and Mythos 5.1 share weights. The serving DAG, not the  

residual block, is the difference. Any analysis that treats them as two architectures is wrong.
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Appendix D. How to read a 2026 model card

A closed card will usually give window size, output cap, modalities, thinking knob, price, and safety 

evals. It will usually not give depth, width, expert counts, attention family, or bit-width. Write those cells  

UNKNOWN.  A  Gemini-style  card  may  add  one  architectural  sentence  (sparse  mixture-of-experts 

transformer) without counts. Treat the sentence as PUBLISHED and the counts as UNKNOWN.

An open report  will  usually give total  and active parameters,  expert  graph,  attention family,  context 

length, training tokens, and sometimes dtype. Read that report. Do not paste its numbers onto a closed 

cousin. Gemma 4 is not a diagram of Gemini 3 Pro. Grok-1 is not a diagram of Grok 4.7. Llama 4 is not a 

diagram of a 2026 Meta assistant that the company has not specified.

A  founder  post  may  give  a  parameter  count  and  a  software  stack  for  an  unreleased  SKU.  Tag  it 

FOUNDER. Do not put it in the same column as a model card.
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Appendix E. Topic notes against the 2017 baseline

Topic 1. 2017 objects.

Redraw the LSTM cell and the 2017 encoder-decoder from memory. State in one sentence what each gate 

controls. Do not open a 2026 card yet.

Topic 2. Decoder-only.

Redraw Figure 1. Write the three attention masks. Explain prefill versus decode. Identify cross-attention 

as the missing block in Claude, Grok, and Gemini chat APIs.

Topic 3. Four gates.

Map every 2026 product knob in this report  onto Figure 2.  Calling effort  a new residual block is a  

category error.

Topic 4. Mixture of experts.

Compute  active  fractions  in  Appendix  C.  Explain  why  attention  is  usually  not  routed.  Read  the 

DeepSeek-V4 expert section.

Topic 5. Attention kernels.

Using Figure 4, explain why a one million token window can be cheap or expensive. Use Gemma 4 local-

plus-global as the readable kernel.

Topic 6. Memory outside weights.

Design the compaction eval in R4. Compare it to an LSTM forget ablation.

Topic 7. Thinking tokens.

Using Figure 6, estimate dollar cost of max effort versus switching from Sonnet 5 to Opus 5.5 on a  

20,000 token coding task. Numbers will be rough. The point is the unit: output tokens, not layers.

Topic 8. Precision.

Using Figure 7, explain why sleeping experts are the first tensors to go to four bits.

Topic 9. Anthropic and SpaceXAI.

Contrast  classifiers  plus  two-policy  one-weight  with  encrypted  blobs  plus  a  C++ stack.  Neither  lab 

published a 2026 layer table.

Topic 10. Google, Meta, Microsoft.
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Contrast Gemma-as-diagram versus Gemini-as-product; Llama 4 active-parameter collapse; Copilot as 

orchestrator.

Topic 11. Open case studies.

Compare one of V4-Pro, Kimi K3, Llama 4 Maverick, Gemma 4 26B-A4B, Qwen3-235B.

Topic 12. Ten-year agenda.

Pick one of R1 through R10 and write a two-page methods note.
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Appendix F. Extended lab notes for implementers

A solo developer who actually ships on these APIs does not need the missing layer table. They need the  

product stack that sits on it. That is why this appendix repeats serving facts that Section 9 already stated,  

in the form a builder can pin on a wall.

Anthropic builder notes. Use one Claude project or one repository-native Claude Code session per app, 

not a zip uploaded to a fresh chat. Adaptive thinking will run on Opus 5.5 and Fable 5.1 whether you ask 

or  not.  Compaction will  drop details  you did not  pin into a  memory file  or  a  repository document.  

Classifiers can silently fall back to a weaker model on some topics. If two editions of one codebase must  

stay in sync, that is your job and your CI job, not the model's memory.

SpaceXAI builder notes. Grok 4.7 thinking cannot be turned off. If you do not persist the encrypted  

reasoning blob, the next turn forgets the hidden trace. The window is 500,000 tokens, not one million. Do 

not  assume Grok 4.7  implements  DeepSeek-V4 attention  because  both  are  large  2026 models.  That 

inference is invalid.

Google builder notes. Gemini 3.x thinking may be unavoidable on some SKUs. Thought signatures are 

part of the contract if you want thought state to persist. Output caps at 64,000 tokens are tighter than  

Claude's 128,000. Omni is a different job from Gemini 3 Pro. Do not send a video-generation task to a 

text decoder and call it the same architecture.

Meta builder notes. Llama 4 Scout and Maverick share a 17 billion active count and do not share expert 

graphs or claimed windows. A 10 million token claim is not a promise that every token is used. If you 

serve Llama 4 yourself, you own the kernel, the dtype, and the cache.

Microsoft builder notes. Copilot may not be one model. Routing across MAI-Thinking-1, MAI-Code-1-

Flash, Phi, and partner models is the architecture. A 5 billion active coding model and a 35 billion active  

reasoning model are different tools. Token efficiency is the published Microsoft theme. Measure tokens 

per accepted patch, not only benchmark points.
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Appendix G. Extended laboratory chapters

The short contrast in Section 9 is the map. These chapters are the extended notes. They repeat serving 

facts so each laboratory can be read on its own without flipping back.

G.1 Anthropic, extended

Anthropic's 2025-2026 public record is a serving and control architecture, not a layer table. Everything 

since the early Claude cards is disclosed at the product surface: 1 million token context and 128,000 max 

output on Fable 5.1,  Mythos 5.1,  Opus 5.5,  and Sonnet 5;  200,000 /  64,000 on Haiku 4.5;  adaptive 

thinking that cannot be turned off on Opus 5.5 and Fable 5.1; an effort parameter that trades extra decode 

tokens for quality; compaction, context editing, and a memory tool as the forget path when the window 

fills; prompt caching as the cheap re-read path.

The distinctive design choice is one weight under two policies. The Fable 5.1 system card states that  

Mythos 5.1 uses the same model weights and a different classifier wrapper. That is an architectural claim 

about serving, not about layers. Constitutional Classifiers++ treat the probe-and-fallback path as part of 

how the system is built. A cheap activation probe screens all traffic. Suspect exchanges escalate to a  

heavier  classifier  that  reads  both  sides  of  the  conversation.  On some restricted  topics  the  request  is 

diverted to a weaker Opus SKU rather than refused outright. Users are told when fallback happens. Early 

data quoted by Anthropic said more than 95 percent of Fable sessions involve no fallback.

Opus 5.5 is positioned as Fable-class quality at a lower price, with communication changes that testers  

described as  easier  to  check.  Sonnet  5.5  and Haiku 5.5  were  promised in  the  coming weeks  on 22 

September 2026 as an efficiency and safety package. No layer preview. Scale is purchased as power, not  

described as experts. Diversified silicon deals (TPU, Trainium, AMD) sit on the same page of strategy:  

hidden residual stream, visible control plane.

What this is not: there is no published mixture-of-experts sentence for Claude 5.x, no grouped-query or 

latent  or  compressed-sparse  claim,  no bit-width  card,  no active-parameter  count.  Treating Claude as 

probably V4-like is UNKNOWN. The research use of Anthropic in a ten-year agenda is the control plane: 

classifiers, two-policy one-weight, compaction, memory files. Those are specified. The block is not.

G.2 SpaceXAI, extended
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xAI's only full layer table is the 2024 open release. That document is outside this report's bibliography by  

the 2025 cutoff. It remains lineage: decoder-only mixture of experts, grouped-query attention, an 8,000 

token window. The 2026 products do not replace it with a new table.

Grok 4.6's model card is the strongest official size sentence in the current family: a 1.5T-scale model  

family.  Grok  4.7  is  described  as  having  a  larger  base  than  4.6,  trained  with  a  longer  multi-hour 

reinforcement-learning horizon,  and shipped with a  native agent  harness.  Context  is  500,000 tokens.  

Reasoning is always on. Effort is low, medium, high (default), or extra-high. Hidden reasoning can be 

stored  as  an  encrypted  blob  and sent  back  so  later  turns  do  not  re-think  from zero.  Compaction  is  

documented. There is no published output-token cap in the 4.7 developer text.

The 14 September 2026 founder posts name Grok 4.8 as a 2.5 trillion parameter run on a new C++  

training stack, Grok 4.9 as probably in the class of other labs' top SKUs, and Grok 5 as an AGI-class  

name.  Those  are  FOUNDER  labels.  They  are  not  attention  papers.  The  claimed  C++  stack  is  the 

distinctive  systems  bet:  exact-mapping  onto  GB300  hardware,  pipeline  parallelism,  an  order-of-

magnitude utilization story versus JAX. Reinforcement learning was still described as a legacy pile at the 

same moment pretraining was said to have moved. That split matters. A new pretrain stack does not 

automatically fix an RL stack.

The design bet: move the base, lengthen reinforcement learning, own the compiler and cluster map, hide 

the block. Multimodal remains image-in, text-out on the chat SKUs, unlike Gemini Omni. Do not infer 

Grok 4.7 attention from DeepSeek-V4 because both are large 2026 models. That inference is invalid.

G.3 Google DeepMind, extended

Google is  the only lab in this set  that  both writes sparse mixture-of-experts transformer on a closed 

flagship card and publishes a cousin diagram. Gemini 3 Pro: 1 million input, 64,000 output, native text,  

vision, and audio, thinking that is not off, Deep Think as an optional parallel-hypothesis mode, thought 

signatures for tool-use integrity. Expert counts UNKNOWN. Flash SKUs are efficiency descendants, not 

new published blocks. Omni Flash adds video and audio output. That is a job change (generate media),  

not a confirmed new residual.

Gemma 4 is the readable picture: 31 billion dense; 26B-A4B mixture of experts with 128 routed plus 1 

shared, k=8, 3.8 billion active; 12 billion Unified encoder-free multimodal (patches and waveforms into  

the decoder); local sliding window plus periodic global layers; 256,000 context; official thinking traces; 

quantization-aware training recipes. Readers should read the Gemma 4 report in full and should not paste 

its expert graph onto Gemini 3 Pro.
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Gemini 4 was in early post-training as of 24 September 2026, described as the most ambitious pretrain 

and a much larger base. No expert table. TPU 8t and 8i and multi-site training are the hardware story. 

Leadership language about models writing parts of the next Gemini under human guidance by about 2027 

is a process forecast. The research need is an audit trail, not a slogan.

The design bet  is  three  tracks  at  once:  a  hidden-count  mixture-of-experts  flagship,  an  open decoder 

snapshot,  and  a  world-model  or  media  branch,  all  on  TPU  fabric.  That  is  a  different  object  from 

Anthropic's control plane and from SpaceXAI's compiler bet.

G.4 Meta, extended

Llama 4 is Meta's published architectural break from the prior dense giant. Scout: 109 billion total, 17 

billion active, 16 experts, 10 million claimed instruct context, native multimodal. Maverick: about 400  

billion total, 17 billion active, 128 routed plus 1 shared, alternating dense and mixture-of-experts layers, 1  

million instruct context. Same active count, different stored graph. Behemoth was disclosed in the same 

blog as a teacher: on the order of 2 trillion total and 288 billion active with 16 experts.  Weights of 

Behemoth were not released with Scout and Maverick. Later third-party claims about its fate are not a 

Meta primary; treat public status as previewed, not shipped.

The design bet is active-parameter collapse plus distillation from a giant teacher plus a claimed extreme 

window on the small mixture of experts. Official 2026 writing emphasizes personal superintelligence 

distributed to billions. Open weights plus a tighter assistant track is a two-track strategy. A 10 million 

token claim is a window, not a published attention proof. If you serve Llama 4 yourself, you own the  

kernel, the dtype, and the cache. That is the opposite of a Claude API, where you own none of those and 

must work at the product surface.

G.5 Microsoft, extended

Do not collapse Microsoft into OpenAI. Azure hosts partner flagships; those internals are the partner's  

UNKNOWN. First-party 2026 is a different object. MAI-Thinking-1, announced at Build 2026, is a 35  

billion active mixture-of-experts model with a 256,000 token window, trained from scratch without third-

party distillation,  co-designed with Maia 200 silicon.  MAI-Code-1-Flash is  a  5 billion active coding 

model for Copilot and VS Code. Image, voice, and transcription are separate MAI specialists rather than 

one Omni decoder. Phi-4-reasoning-vision-15B keeps the small-model, data-quality, hybrid think or no-

think recipe.

The  design  bet  is  an  orchestrator  plus  mid-size  first-party  mixture  of  experts  plus  own silicon  plus 

enterprise data lineage. Microsoft is not trying to win the largest named base race in public. Copilot may  
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route a task to MAI-Thinking-1, MAI-Code-1-Flash, Phi, OpenAI, Anthropic, or Grok. That router is the 

architecture a builder actually meets. Token efficiency is the published theme: tokens per accepted patch, 

GPU cost per image, transcription error rate in production. A ten-year research program that ignores 

orchestration will miss the Microsoft object entirely.
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Appendix H. Full-page figure reprints with extended captions

Figures are reprinted here at full width so one design choice can be read without returning to the body.

Reprint of Figure 1. The 2017 transformer is two stacks. The encoder fills a memory tape with bidirectional self-

attention. The decoder writes the target with causal self-attention plus cross-attention into that tape. Every 2026  

chat API in this report behaves as one causal stack. Prompt and answer are the same sequence. There is no second 

net whose job is read the source. Cross-attention survives only when a vision or audio encoder is bolted on. Gemma 

4 12B Unified drops even that and projects patches into the decoder. Closed labs have not published a two-tower 

chat core. If a reader can redraw both columns, they can place every later figure on the right-hand stack instead of  

inventing a new chassis.
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Reprint of Figure 2. Gating did not disappear when recurrence disappeared. It changed axis. Time is the 2017  

LSTM. Features are gated linear units inside every modern feed-forward block. Modules are mixture-of-experts  

routers. Decode is the effort slider. Closed laboratories hide the module counts and publish the decode sliders.  

Readers who already know the gates should study this figure and stop saying that gating died in 2017.
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Reprint of Figure 3. Mixture of experts stores many feed-forward specialists and runs a few per token. The router 

scores experts. Top-k fire. A shared expert, when present, always fires. DeepSeek-V4-Pro: 384 routed plus 1 shared,  

k=6, 49 billion active of 1.6 trillion. Llama 4 Maverick: 128 plus 1, 17 billion of 400 billion. Gemma 4 26B-A4B:  

128 plus 1, k=8, 3.8 billion of 25.2 billion. MAI-Thinking-1: 35 billion active, 256,000 context. Claude and Grok 4.7 

expert graphs are UNKNOWN. Gemini 3 Pro states sparse mixture of experts without counts. Attention is usually 

not routed.
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Reprint of Figure 4. Attention is the other half of cost. Product windows of 500,000 to 1,000,000 do not tell you the  

kernel. Open 2026 kernels include a cheap indexer plus sparse full attention plus a 128-token local window; a 

sliding window of 1024 plus periodic global layers; and Kimi Delta Attention. Treating 1 million context as the  

model is bidirectional over a million tokens is a category error. Decoder-only models remain causal. The indexer is  

the new gate over time.
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Reprint of Figure 5. Memory is a stack, not a cell state. Weights hold pretraining. The key-value cache holds this  

session. Compaction and context editing are the product forget gate. Memory files and thought signatures persist 

across turns. Retrieval pastes retrieved text into the prefix. When the encrypted Grok blob or Claude memory file is  

dropped, the model reverts to the window. That is closer to an LSTM forget than to a new layer. A one million token 

window that is then compacted is not uniform memory.
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Reprint of Figure 6. Adaptive reasoning is extra decode. Prefill writes the prompt into the key-value cache. Think 

tokens run under an effort budget. The answer tokens are what the user sees. No closed lab has published a second  

network for thinking. Deep Think is the documented parallel-hypothesis variant. Serial traces are the Anthropic and  

SpaceXAI default.  High effort can cost more than a SKU change. Always-on thinking is a product default,  not 

evidence of a new block.
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Reprint of Figure 7. Four-bit in 2026 almost always means sleeping experts. Pretrain is commonly FP8 mixed.  

Routed experts at inference drop to FP4, MXFP4, or NVFP4 because they dominate stored bytes and many of them 

sleep on any given token. Attention and the router more often stay at FP8 because they run on every token. Edge  

SKUs  use  quantization-aware  training.  Closed  serving  dtypes  for  Claude,  Grok  4.7,  and  Gemini  3.x  remain 

UNKNOWN. Do not write Claude is 4-bit.
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Reprint of Figure 8. Five laboratory design bets on one page. Anthropic builds a control plane around one weight. 

SpaceXAI builds a training stack and an encrypted thought loop. Google builds a multimodal plus silicon stack and 

publishes Gemma as the cousin diagram. Meta collapses active parameters  and distributes  weights.  Microsoft 

routes mid-size first-party specialists. None of these columns is a substitute for a missing layer table. The ten-year 

agenda in Section 11 follows from these columns, not from a guessed Claude depth.
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Appendix I. Additional worked examples

Example G. Cost of thinking versus cost of a larger SKU. Suppose Sonnet 5 is 2 dollars per million input 

and 10 dollars per million output, and Opus 5.5 is 4 and 20. A 20,000 token prompt with 8,000 thought 

tokens and 2,000 answer tokens on Sonnet at high effort costs more output dollars than a short no-think 

call on the same SKU. Whether it beats Opus at medium effort depends on whether the extra thought 

tokens actually reduce retries. Measure retries, not only dollars on the first call.

Example  H.  Scout  versus  Grok  4.7  windows.  Scout  claims  10  million  instruct  tokens.  Grok  4.7 

documents 500,000. A 20-times difference in advertised window is not a 20-times difference in usable 

memory unless the kernel and the eval say so.  Run a needle-in-a-haystack at  100,000, 300,000, and 

500,000 before believing either number as working memory.

Example  I.  Two editions  of  one codebase.  This  is  not  a  transformer  problem.  It  is  an  orchestration 

problem. Microsoft's Copilot router and a solo developer's CI checks are the same class of object: a gate  

outside the net that decides which files may change. the 2017 baseline agents week should include that  

gate.

Example J. Fallback as architecture. When an Anthropic classifier sends a request to a weaker Opus SKU, 

the user  may still  see a  fluent  answer.  The architecture changed mid-request.  Any eval  that  ignores 

fallback attributes the weaker model's errors to the flagship. Write fallback into the eval log.

Example K. Encrypted blob as state. If a Grok 4.7 client drops the blob, hidden thoughts vanish. That is a  

product-level  forget  gate.  Compare  three  runs:  blob  persisted,  blob  dropped,  blob  persisted  but 

compaction also ran. Report quality and token cost for each.

Example L. Active parameters versus billed tokens. A 35 billion active model that emits 20,000 thought  

tokens can cost more than a 49 billion active model that emits 2,000. Active parameters set the cost per  

token. Thinking sets the number of tokens. Both must appear in a cost model.
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Appendix J. Mapping every 2017 object to a 2026 product surface

Fixed-window feedforward language model maps to a tiny prompt with no cache reuse. It is an illustrative 

toy, not a 2026 product.

RNN hidden state maps to the key-value cache, except the cache grows with the window instead of 

staying fixed-width.

LSTM forget gate maps to compaction, context editing, dropped blobs, and cache TTL.

LSTM input gate maps loosely to what gets written into memory files or retrieved chunks.

LSTM output gate maps loosely to the policy that stops thinking and emits the visible answer.

GRU update  and reset  gates  map to  the  same family  of  write-or-keep decisions,  now spread across 

product surfaces.

Sequence-to-sequence bottleneck vector maps to any system that still compresses a whole source into one 

embedding before generation. Chat flagships do not do this for text.

Additive  attention  over  encoder  states  maps  to  causal  self-attention  over  the  prompt  prefix,  and  to 

retrieval when the source lives outside the window.

2017 multi-head attention maps to the original kernel. Deployed long-context kernels are grouped, latent,  

sparse, or local-plus-global when published.

Masked language models map to embedders, not to chat decoders.

Retrieval-augmented generation maps to layer 5 of Figure 5.

Agents map to tool loops, Copilot routing, classifier fallback, and multi-agent ultra or Deep Think modes.
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Appendix K. A note on figures and reading order

This report is written as an Iacoletti Software research report. Figures are large so each design choice can  

be read at a glance. Appendices repeat body claims so a single chapter can be read on its own. The 

bibliography remains 2025 and 2026 only. Pre-2025 baseline works are named in the body as the 2017 

baseline objects. Closed-lab internals that were not published stay UNKNOWN. Named future SKUs stay 

names.

Suggested reading pack: Figures 1 through 8, Section 9, Section 11, Appendix C, and one laboratory  

chapter from Appendix G. That pack is enough for a working briefing. The rest is reference.
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Appendix L. How Iacoletti Software uses this report

Read Figures 1, 3, 5, and 8. Then read Section 11 and Section 14. The figures are the design choices.  

Section 11 is the ranked research. Section 14 is the reason the ranking is not more parameters.

Question 1. Using only 2025–2026 sources in the bibliography, state one PUBLISHED fact and one 

UNKNOWN fact about each of Anthropic, SpaceXAI, Google, Meta, and Microsoft. An UNKNOWN 

cell is a correct answer. An invented layer count is a failing answer.

Question 2. Take pattern A from the incident log in Section 14. Explain why a 1 million token window on 

Claude Opus 5.5 and a 500,000 token window on Grok 4.7 do not, by themselves, prevent presenting a 

fixed issue as new. Name the product object that would prevent it in 2026 and the research object that  

might prevent it by 2031.

Question 3. Compute the active fraction for DeepSeek-V4-Pro and for Llama 4 Maverick. State why 

those fractions cannot be copied onto Gemini 3 Pro or Claude Opus 5.5.

Question 4. Rank priorities 1 through 6 in Section 14.4 for a developer who sells a Pro edition and a Web 

edition and who pays for Grok Imagine and Gemini calls. Do not put sparse attention above empty-catch  

bans.

Question 5.  Draw the encoder-decoder versus decoder-only figure from memory.  Mark where cross-

attention lives and where it does not live in a 2026 chat API.

These questions let a reader check the argument against the report. The failure classes in Section 14 are  

taken from the author's practitioner log and are not a laboratory benchmark. Opus 5.5 shipped on 22 

September 2026 and Grok 4.7 shipped on 21 September 2026. The log still records patterns A through K 

on 24 September 2026.
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Appendix M. Document control

Title. AI Is Accelerating Its Own Development: The Evidence, and the Forecast for LLM Architecture 

and Training, 2021–2041.

Snapshot date. 24 September 2026.

Bibliography rule. 2025 and 2026 sources only. Pre-2025 work is historical baseline, not a cited source.

Figures. Twenty-one figures: the four-era timeline (Figure 0); eight original design diagrams (Figures 1 to 

8): encoder-decoder versus decoder-only, four gates, mixture of experts, attention families, context 

memory stack, adaptive reasoning, precision stack, and five laboratory design bets; and twelve three-

dimensional plots of the governing equations (Figures 9 to 20).

Laboratories compared. Anthropic, SpaceXAI, Google, Meta, Microsoft.

Failure classes. A through K from the author's development incident log, September 2026.

Flagships named in the failure chapter. Claude Opus 5.5 (22 September 2026) and Grok 4.7 (21 

September 2026).

Highest-priority architectural work for those classes. Durable decision memory; tool-required-before-

claim; fail-closed write scope; whole-repo sweep; edition-aware CI; paid-path transactions.

End of report. Snapshot 24 September 2026. Illustrated report on LLM architecture and training, 

2021 to 2041.
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