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A note on sources

Sourced from the AICE Attention Canon (~/Desktop/AICE/canon/
ATTENTION_CANON.md); a handful of small narrative gaps — 2014, the 2018-2020 scale
era, and the 2019 origin of the "efficiency wars" — filled with directly-cited web
sources. Technical terms stay in English on purpose; that's house style.

1Auli38UI38910 AICE Attention Canon lngifiutaeinavadisaaIuage — U 2014,
gAYYILANA 2018-2020 wazganLiinved “asnsudseansnin” U 2019 — meunas
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Source of truth - ~/Desktop/AICE/canon/ATTENTION_CANON.md
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LEARNING WHERE TO LOOK

2014

CHAPTER 1

Learning Where to Look
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EN

Machine translation in 2014 worked by squeezing an entire source sentence
into one fixed-size vector, then unpacking it into the target language — and
it fell apart on long sentences, because that one vector had to hold
everything at once. Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Bengio
proposed a fix: let the decoder, at each output word, look back and "align"
with the specific source words that mattered right then, instead of relying
on a single squeezed summary. They called the scoring mechanism that
computed this alignment "attention," though the name wouldn't become
famous for another three years. The model still used recurrent networks
(RNNs) underneath — attention was a patch on top of them, not yet a re-
placement. But the core idea — let the model choose what to look at, in-
stead of forcing everything through one bottleneck — is the seed every later
chapter in this book grows from.

TH

Y., 2014 nsulantsndeiasesdwiuuuuduisssloadunsliuge
Junnwesteuiiien udrresaasenuduniwvaienis — weussloagn
Fusiuwariug Wsznnwashoufelfaawunynaglindeuriu Bahdanau,
Cho wag Bengio t@uaniauiin 1% decoder uios "faundu” lumanduniad
\Rerdeanssaiiuldinslundasiiddaula unufnsisnnnesagdeu
iAo nalnlinzuuuind luumsussiiunasinannidenin "attention” — ugf
Foilaedslifsouniragriulugn 3 U neutulunadsld RNN Wuunuvdneg
attention WuuAvasuaaasy Selaldfuunuiinesyuu udledsununans



LEARNING WHERE TO LOOK
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EXAMPLE

Translating a 40-word sentence by first memorizing it as one 10-digit
number would be absurd — attention lets the translator glance back at the
actual words instead, right when needed.

R RE
azulauselonyd 40 A1 Tneviessiuliwaaduan 10 nannaumstnlunay —
attention vinliguuadeulugriaieg laae asedanzndedld

2014 - Bahdanau, Cho & Bengio, "Neural Machine Translation by Jointly Learning to Align and
Translate" — arXiv:1409.0473


https://arxiv.org/abs/1409.0473

ATTENTION IS ALL YOU NEED

2017

CHAPTER 2

Attention Is All You Need

EN

In 2017, a team at Google (Vaswani et al.) asked a radical question: what if
you threw away the recurrent network entirely and built a model out of
nothing but attention? Their answer was the Transformer — every token
computes a query, a key, and a value, and attends directly to every other
token in the sequence, all in parallel, with no step-by-step recurrence at all.
That single change unlocked a training speedup that recurrence had quietly
been blocking for years, because parallel matrix multiplication is exactly
what GPUs are built for. The paper introduced self-attention as the load-
bearing mechanism, plus multi-head attention (several attention "views"
running side by side) and an encoder-decoder built entirely from these
blocks. Almost a decade later, every architecture in this book — no matter
how exotic — still gets compared back to this one as the baseline. Nobody
has replaced self-attention outright; every later idea wraps it, compresses
it, or interleaves it with something cheaper.
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ATTENTION IS ALL YOU NEED

2

) uazlaseadte encoder-decoder fiadrsarnudenmaniigug iieuaud
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EXAMPLE

Instead of one reader scanning a paragraph strictly in order, imagine 100
readers scanning the whole page at once, each asking a slightly different
question — that's roughly multi-head self-attention, one layer at a time.

R RE

dl =) 1 = L 1 Y o =
ununazinusuruiglasnugeniiniiazussin asalinatwau 100 ALAIIA
ANYAIDTUNINTLINSDUNU WHAZTAUNIUAININANNULAYUDY — UULVAZAD
multi-head self-attention As129 Tunilaiawes

2017 - Vaswani et al., "Attention Is All You Need" — arXiv:1706.03762


https://arxiv.org/abs/1706.03762

SAME RECIPE, BIGGER KITCHEN

2018-2020

CHAPTER 3

Same Recipe, Bigger Kitchen
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Once the Transformer existed, the next question wasn't "how does atten-
tion work" but "how big can we make this, and what happens." In late 2018,
Google's BERT used the Transformer's encoder side, pre-trained on
masked-word prediction over huge unlabeled text, and became the new de-
fault starting point for almost every language-understanding task. OpenAl
pushed the decoder side instead — GPT, then GPT-2 — showing that a
Transformer trained simply to predict the next word, at growing scale, star-
ted doing things nobody explicitly taught it. By 2020, GPT-3 took that bet to
175 billion parameters and showed a new trick: few-shot learning from
nothing but examples in the prompt, no retraining required. Attention itself
barely changed in these years — the 2017 architecture mostly held steady.
What changed was everything around it: data, parameter count, and com-
pute, scaled by orders of magnitude, revealing that the same mechanism
got qualitatively more capable simply by getting bigger.

TH
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SAME RECIPE, BIGGER KITCHEN

Ufi 175 Wuduwisiiwes udaluinainlugie few-shot learning Seuann
uAthegslunsous laifosmsulusiias ¥aeili attention leaunulsiudeu
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EXAMPLE

Same recipe, bigger kitchen — BERT and GPT-1/2 proved the Transformer
recipe worked; GPT-3 proved that scaling the kitchen 100* changed what
came out of it, not just how fast.

LRETRE

ansihu uAn$luajiu — BERT fu GPT-1/2 igavidngns Transformer 1416054
@3 GPT-3 ﬁqaﬁ'j%mmmaﬂ%’ﬂﬁlumjﬁu 100 Wi vesfieenunanaiafasy
Tuiae lailaudi§atu

2018-2020 - Devlin et al., "BERT" — arXiv:1810.04805 - Brown et al., "GPT-3: Language
Models are Few-Shot Learners" — arXiv:2005.14165


https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/2005.14165

THE EFFICIENCY WARS

2019-2021

CHAPTER 4

The Efficiency Wars
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Full self-attention costs grow quadratically with sequence length — double
the text, quadruple the compute — and by 2019 that ceiling was the obvious
next problem to attack. OpenAl's Sparse Transformer opened the wave that
April, factorizing the attention matrix so cost grew closer to nV n than n2. A
flood of variants followed in 2020: Reformer approximated attention with
hashing, Linformer projected it to low rank, Performer used random-fea-
ture kernels, and Longformer/BigBird mixed local windows with a handful
of fixed global tokens. Google's own "Long Range Arena" benchmark that
same year lined many of these up side by side on long-sequence tasks, and
the results were sobering — most saved real memory and speed, but at a
meaningful quality cost, and none became the new default. The industry's
real bottleneck, it would later turn out, wasn't FLOPs at all — it was memory
movement, a problem this entire generation of papers wasn't built to solve.
So most of this generation quietly stopped being used at frontier scale, even
though the papers are still cited constantly as the historical record of what
got tried. The lesson that survived: approximating the attention matrix is
one lever, but it's not the only — or even the best — one.

TH
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THE EFFICIENCY WARS
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EXAMPLE

A dozen inventors race to build a cheaper engine by removing parts — sev-
eral succeed at "cheaper," almost none keep "drives just as well," and the
real bottleneck turns out to be traffic (memory bandwidth), not the engine
(FLOPs).

R RE
% a da 1 1 o } %4 4‘ v %4 Q’I 1
UnUszRvgauninauudsiuasiunseseudlignasienisaendudiusen vany
oV v, " e ' ' ) oA oA a . v v a
Awrila "gnas” 939 uwaunulaidlasshun “shimiowsun” 1314 udrmevingsa
£ I a a L4 1 o Y dl L4
naunateldusaRna (WuusInnileaIusn) lailddnsaseus (FLOPS)

2019-2021 - Child, Gray, Radford & Sutskever, "Sparse Transformer" — arXiv:1904.10509 - Tay
et al., "Long Range Arena" — arXiv:2011.04006

1


https://arxiv.org/abs/1904.10509
https://arxiv.org/abs/2011.04006

FLASHATTENTION: THE HARDWARE TURN

2022

CHAPTER 5

FlashAttention: The Hardware Turn
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By 2022, the field's efficiency instinct changed direction entirely. Instead of
approximating attention to make it cheaper, Tri Dao and colleagues asked a
different question: what if we compute the exact same attention, with zero
quality loss, just smarter about where the numbers live during the compu-
tation? Their answer, FlashAttention, tiles the computation so it stays inside
a GPU's small, fast on-chip memory (SRAM) instead of constantly writing
and reading the full attention matrix from slower high-bandwidth memory.
The result was a large speedup with no approximation at all — free per-
formance, which is rare in this field. Within a couple of years it became the
single most-deployed efficiency trick in modern Al infrastructure, quietly
running underneath almost every serious training or inference job on
NVIDIA hardware. FlashAttention has since gone through three more gen-
erations (FA2, FA3, FA4), each tuned to newer GPU hardware — but it has
never run natively on Apple Silicon, a gap that matters later in this book.

TH
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FLASHATTENTION: THE HARDWARE TURN
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EXAMPLE

It's the difference between re-fetching one ingredient from a far pantry for
every single step of a recipe, versus laying out everything needed on the
counter first — same dish, same recipe, far less walking.

§r0t14
wflouanusnsseninnisisluduingiveinglnas faztunouvesgnsenns
funsdannegnsiidadldunnsuuanineslinouas — 1uidu gasidu uidu
Hovaueoy

2022 - Dao et al., "FlashAttention: Fast and Memory-Efficient Exact Attention with 10-
Awareness," NeurlPS — arXiv:220514135
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https://arxiv.org/abs/2205.14135

SERVING IT FOR REAL

2023

CHAPTER 6

Serving It for Real
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By 2023, the field had a new problem: attention worked, and scaling worked,
but actually serving these models to real users at long context was its own
unsolved engineering challenge. Four separate fixes landed the same year,
each attacking a different part of the problem. Grouped-Query Attention
(GQA) let many query heads share just a couple of key/value heads, shrink-
ing the KV cache that grows with every generated token. PagedAttention
(used in VvLLM) stopped treating that KV cache as one giant reserved
memory block and instead paged it the way an operating system manages
RAM, nearly eliminating waste. StreamingLLM discovered a model could
generate forever over a live stream if it kept a small handful of "sink" tokens
from the very start, alongside a sliding window of recent ones. Ring Atten-
tion showed how to split a sequence across many machines for training on
contexts too long for any single accelerator's memory. None of these
changed what attention computes — they changed what it costs to actually
run, which turned out to be the more urgent problem.

TH

wanst 2023 29n1siatlaymluel — attention THaulad nisvensananlana
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T4 key/value head saunuua L vl KV cache MlaUunn token Na51edl
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SERVING IT FOR REAL

anuineaulunidesassiarentin udrudsuuuiadumiing uuuii 0S
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asetenuseluizesq lilindugala 611Au token "sink” nduionilaainye
BuAuliiaue g sliding window 484 token a1da @21 Ring Attention 14335
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° s a o = a a a . °

ANuTwesnsaluignazsulm lafisuluuudsuded attention Aulauae
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EXAMPLE

Four plumbers fix the same house's water bill the same year — one shares
pipes between rooms (GQA), one stops reserving a full tank per room
(PagedAttention), one keeps a tap open so pressure never collapses (atten-
tion sinks), one splits the house across a street of houses (Ring Attention).

@981

f1aUszUn 4 au wAtarnihthudiesmlulifientu — aunilswsvessuitaie
(GQA) puniladnaesdeifiuluderias (PagedAttention) Auniiadafioniisly
fianiislaflfusadumn (attention sinks) Snaudauustunsyangluswes (Ring
Attention)

2023 - Ainslie et al., "GQA" — arXiv:230513245 - Kwon et al.,, "PagedAttention / vLLM" —
vllm.ai blog - Xiao et al., "StreamingLLM" — arXiv:2309.17453 - Liu, Zaharia & Abbeel, "Ring
Attention" — arXiv:2310.01889

15


https://arxiv.org/abs/2305.13245
https://vllm.ai/blog/2023-06-20-vllm
https://arxiv.org/abs/2309.17453
https://arxiv.org/abs/2310.01889

MIXTURE-OF-EXPERTS GOES MAINSTREAM

2023-2024

CHAPTER 7

Mixture-of-Experts Goes
Mainstream

MoE nanawdunssuanan

EN

Mixture-of-Experts wasn't new in 2023 — Noam Shazeer had proposed
sparsely-gated MoE back in 2017, and Google's Switch Transformer simpli-
fied it to routing each token to just one expert in 2021. What changed in
2023-2024 was adoption at the frontier: instead of one dense feed-forward
block per layer doing all the work, labs began shipping models with many
specialized expert blocks and a small router sending each token to only a
handful of them. The appeal is a kind of economic trick — total parameter
count (and therefore capability) can be enormous, while the compute actu-
ally spent per token stays small, because most experts sit idle for any given
token. The remaining hard problem was routing: how do you keep the
router from collapsing onto a few favorite experts, without distorting the
model's actual training goal to force balance? DeepSeek's 2024 answer — an
auxiliary-loss-free approach, where a learnable per-expert bias nudges
routing based on observed load but stays outside the actual gating-weight
math — became the practice other labs converged on. By 2026, the pattern
is universal: every major frontier release is MoE; the question moved from
"MoE or not" to "how do you route well."

TH

Mixture-of-Experts lsildvasluailul 2023 — Noam Shazeer 1@ua sparsely-
gated MoE 13#ausl 2017 w2 uas Switch Transformer 984 Google Avinli
HUSUBTUAIENTTES token wiazAlunm expert uAmAelul 2021 &9
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MIXTURE-OF-EXPERTS GOES MAINSTREAM

wWasulul 2023-2024 AemsgainlUlgassluseau frontier uwnunazdl feed-
forward block uuuusIRgfalAE 05U MNA LAUA1Y SuUdes
Tanadidl expert block LRWIEFNNTIUIULIN WiBU router HLANS Ads token
usagi?lumuanduiiaifeannavun i@divesiumilounallinnig
Lﬂ’iwﬁﬂ’]ﬁﬁ% — Puunsdieessu (Lazanuaunsa) lugumeaala Tu
vauzil compute Mil4a3asie token dadneg sz expert dlug "3ne9u”
dm3U token Tng Ainu Jaymiidamdedaizes routing — zdlasiulalls
router lUnasagii expert auTusalaifgalasls Inglitadoudimunenis
wsua3wadlunavetiAuANANAa ANNBUTeY DeepSeek Tull 2024 Ao
WuIN4 auxiliary-loss-free 714 bias 1o expert wsazAINFTauslH AoaUsy
routing MUATSTNUNFINALILESS useguenaun1sAwIaimiln gating

a I s & & ) = =
9399 N UULUINNTILAUDUS MUNIUTTIUAUNRLA Wodsl 2026

ad g [ . 1 1 & o

uwniiisuilnangiduaina — ninluwaa frontier Juluaitlu MoE wun A1au
wWasuan "agld MoE Tua 1uilu "9 route Falaliia" unu

EXAMPLE

A hospital with hundreds of specialists on staff, but any single patient only
ever sees a small handful of them, plus one generalist always on duty —
huge total expertise, small cost per visit.

@aeH14

Tssmenaiifigiderngwasiosauludiu usauldudazauldinsudnduiie
WWermnvianun vanfunserluuszsdnnieau anudeamgsaummana us
Funudemsummuenisedanduidniaien

2023-2024 - Shazeer et al. — arXiv:1701.06538 - Fedus et al., "Switch Transformer" —
arXiv:2101.03961 - DeepSeek-V3 auxiliary-loss-free balancing — arXiv:2408.15664
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https://arxiv.org/abs/1701.06538
https://arxiv.org/abs/2101.03961
https://arxiv.org/abs/2408.15664

DEEPSEEK'S COMPRESSION TRICK (MLA)

2024

CHAPTER 8

DeepSeek's Compression Trick
(MLA)

naulnludnvae DeepSeek
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In May 2024, DeepSeek shipped an idea aimed squarely at the KV-cache
problem GQA had only partly solved. Instead of sharing key/value heads
across query heads, Multi-Head Latent Attention (MLA) compresses the
keys and values for each token jointly into one small low-rank latent vector,
caches only that tiny vector, and reconstructs the full keys/values back out
at attention time. A companion trick — a decoupled rotary position scheme
— makes sure positional information survives being compressed this way.
The reported result was startling for a compression technique: MLA didn't
just save memory, it matched or beat plain multi-head attention on quality,
while cutting KV-cache size by roughly 7 to 14 times. That combination —
smaller and better, not smaller-but-worse — is unusual enough that MLA
quickly spread beyond DeepSeek, into Kimi and GLM's later model lines. It's
a different lever from GQA (fewer heads) or hybrid linear attention (Logy's
own approach) — proof there was more than one valid way to attack the
same cost problem.

TH

\eungun1AN 2024 DeepSeek Uansloieidslunsatlayw KV-cache i
GQA LLﬁlﬁLLﬁﬂéﬂLaﬂa Lmuﬁamw% key/value head 914 query head LUy
GQA, Multi-Head Latent Attention (MLA) Uudn key/value ¥a4isiag token
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18



DEEPSEEK'S COMPRESSION TRICK (MLA)

a = a 1w A oy . dl o ¥ Vv o 1
953 fimallagfiuAe decoupled rotary position scheme Mvinlvidayasuns
gysonagudiazgniunuuil naansnsenuesnunitlseraialadmsumeaila
Tudn — MLA lidlduauszndamanudn usnanwdavinuzafinga plain multi-
head attention Ae Tuvaizfianuuin KV-cache 83512 7-14 win mslavaian
awazadu ldlddnawwsugas iueslsiuvannoazyinls MLA unsluisaiy
vauwwn DeepSeek 1 lUaglulunagundswes Kimi uaz GLM fae dundudu
TonANALLUUNU GQA (83111 head) %38 hybrid linear attention (LuINN4
[ Y 1A ! =& aaa Y a P
w84 Logy 184) — Wunangiudnduinnimiladisnldlaasdunislauiteym

¥ = v A
AUNULAYINUU

EXAMPLE

Instead of two people sharing one notebook (GQA), everyone writes in
shorthand, and a translator expands it back to full sentences only when
someone actually needs to read it (MLA).

@814

dl =) [ 1 = U =) Y a v
uNUN9zaoInULYTAYAALENREITU (GQA) NNAWTEULUUYIAY LaIHTIN
wlansyvensnduldulseluaduianignauiinuaoss1uases (MLA)

2024 - DeepSeek-V2, "MLA" — arXiv:2405.04434 - note: Logy does not use MLA (canon §4) —
its savings come from GQA + hybrid linear attention instead (see Ch12)
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https://arxiv.org/abs/2405.04434

TRAINABLE SPARSITY & LINEAR ATTENTION'S COMEBACK

2025

CHAPTER 9

Trainable Sparsity & Linear
Attention's Comeback

. = 1 Y % % < . .
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EN

2025 made sparsity and linear attention production-ready instead of merely
clever. Native Sparse Attention (NSA), from DeepSeek, trains a model from
scratch with three parallel attention branches — coarse compressed blocks,
learned fine-grained selected blocks, and a local sliding window — instead
of bolting sparsity onto an already-trained dense model afterward. The
same month, Moonshot's MoBA applied the Mixture-of-Experts principle
directly to attention: a learned router picks which blocks of the sequence
each query actually needs to see. Both won major recognition that year —
NSA an ACL Best Paper, MoBA a NeurIPS spotlight — and both share one
lesson: efficiency trained in from scratch beats efficiency bolted on after. In
parallel, a second lineage matured: Gated DeltaNet, a hybrid linear-atten-
tion layer combining gated decay with an error-correcting "delta rule'
paired at a 3-to-1 ratio with ordinary full attention wrapped in a new sig-
moid gate — the same gate that, not coincidentally, directly answers the at-
tention-sink problem StreamingLLM first flagged back in 2023. This exact
pairing — three parts Gated DeltaNet to one part gated full attention — is
the lineage Logy is built on.

TH

U 2025 vil¥ sparsity iU linear attention "l uasela” ludlvuaaainly
wWiesdnsalu Native Sparse Attention (NSA) 910 DeepSeek nsuluina
AILARUAIY attention 3 @1vAIWIL — UABNUUTITUSALS udenazBunil
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TRAINABLE SPARSITY & LINEAR ATTENTION'S COMEBACK

wenuuuisausle uag local sliding window — unuiagian sparsity luuuziu
Tuiaa dense MinsuiaSaudfings owReiutiu MoBA ¥89 Moonshot 181
#ann19 Mixture-of-Experts N lGfus attention $139¢) LAY — router ﬁ@&mi
Ifidendn query usiazAamsiiuudenlvuves sequence U149 eglas1ada
Tnaglutuu — NSA 16 ACL Best Paper @au MoBA 16 NeurlPS spotlight —

v = =) ¥ =) a a dl gj 1 = 1 a a dl
wazliuniseuheaiufe Uszansnmiiaunsanamsuy Andnussansninm

a a o = v a v ¢ & @ a & o a
wlzinuiings luanfeniu Snaeiuguilenifulafuin As Gated DeltaNet
L5 linear-attention wuv hybrid 1574 gated decay fiu "delta rule" Aoy
ufl error Juglusnsdu 3 sio 1 AU full attention 535uANWREE sigmoid

% 1 = 1 1:'{ v a n:l' £ :s‘/ :; L4
gate Aalnal — Gelaleisesiaudai gate Miunasinoulandteym
attention-sink 71 StreamingLLM wnadligaust 2023 n1sduguuuilides —
Gated DeltaNet 3 @2u ¢ia gated full attention 1 @3 — Ava1BWUgHN Logy
Qnas19vuNINTU

EXAMPLE

NSA/MoBA are like teaching an intern the shortcut on day one of training,
instead of hiring a fully-trained expert and asking them to unlearn old
habits and take shortcuts later.

Al0H14
NSA/MoBA iisugaunisdnalihnilnaunuaTuusnfidiunmsuy unuitazdng
Aiisnaiimsuanfusuuuunds sveliwnauidonunaindniivd

2025 - DeepSeek/Peking University/U. Washington, "NSA" — arXiv:2502.11089 - Moonshot Al/
Tsinghua/Zhejiang, "MoBA" — arXiv:250213189 - Gated DeltaNet origin — arXiv:2412.06464 -
gating fix, NeurlPS 2025 Best Paper — arXiv:2505.06708
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FOUR LABS, FOUR BETS

2026

CHAPTER 10

Four Labs, Four Bets
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By early 2026, attention architecture stopped converging and started diver-
ging again. Within roughly a two-week window in February, four frontier
labs shipped four different, incompatible bets on the same underlying prob-
lem. GLM-5 combined MLA with DeepSeek Sparse Attention; Kimi K2.5
used MLA alone, without a sparse-attention layer; Qwen3.5 (and its April
successor Qwen3.6 — Logy's own lineage) bet on the hybrid Gated-DeltaN-
et-plus-Gated-Attention shape. And MiniMax's M2.5 did something nobody
expected from a lab that had championed linear attention since 2025: it re-
verted to plain, full multi-head attention, reportedly "for reliability."" No
single scheme won outright — each is a different trade-off between
memory, quality, training cost, and serving simplicity. It's a useful reminder
for anyone reading a "settled best practice" claim about attention: in this
field, settled claims have a short half-life, and simplicity is still, sometimes,
the winning bet.

TH

wadwiud 2026 anntlnenssy attention ALANgLIMITL WAATUUAANINGEN
afa luthanandu smassduniveaiioununWus uiu frontier 4 141
Useevamdouiu 4 madendisnsfunazidniulails dmdudlaymifiendu
10z GLM-5 591 MLA 19111u DeepSeek Sparse Attention, Kimi K2.5 14 MLA
aaue) Liifiialees sparse attention 1ay, @74 Qwen3.5 (Lazjusiovanifiou
w1y Qwen3.6 luanewugidendu Logy) iuuiusuuuy hybrid Gated-
DeltaNet Uan Gated-Attention wag M2.5 ve4 MiniMax vihasiilidlasaindn
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FOUR LABS, FOUR BETS

ANUAUNLTYS linear attention wAaust) 2025 — sfunsendululd plain full
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[ a v A v a
Wuiuiunsugldogn

EXAMPLE

Four chefs get the same ingredients and two weeks, and come back with
four completely different dishes — one of them, famous for fusion cooking,
serves plain rice and calls it the safer bet.

CELYEE

wil 4 auldingRugafieaiuiunaidesduaiuiniu ndunindeuans 4
uisiulneauds auniadaiasesomnsiatu ndudindasang uda
veniilunazieniadeniivaeadunia

2026 - Labonne, "Qwen3.5" write-up — huggingface.co/blog/mlabonne/qwen35
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THE FUTURE FIVE

CHAPTER 11

The Future Five
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Five more ideas are alive in research right now, none of them yet the default
in a shipped frontier chat model — worth knowing not because they're
mainstream, but because one of them plausibly is Logy's next chapter.

Adaptive Attention — let a model spend more compute on hard tokens and
less on easy ones, instead of a fixed budget for every token; still
research-stage, no shipped flagship uses it yet.

Structured Attention — impose a designed sparsity pattern (block, graph,
dilated) instead of letting the model learn where to look, trading
flexibility for a guaranteed worst-case cost.

Memory-Augmented Attention — give a model a separate, persistent
memory beyond its attention window; Titans goes furthest, updating its
own weights while reading, scaling past 2 million tokens.

Multi-Modal Attention — already not the future but the present: Logy itself
ships a vision encoder trained in from scratch, not bolted on afterward.

Attention Compression — the strangest one: DeepSeek-OCR renders old
text context as an image and reads it back with a cheap vision encoder,
for roughly 10-20* fewer tokens carrying the same information.

TH

a v A Awv aaa a v Y] = & P a v

dnilanendaddineglunuidenaud dsliisulwunanaiduasuduves
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1 a v ni! d'd 1 [ 1
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THE FUTURE FIVE

Adaptive Attention —Tﬂumavju compute iU token Ne1ANINTU wagly
Woradfiu token Ni1e unuiaglnauwindunuayn token nauildsagludu
3w delaifilunaisossinluulegass

Structured Attention — fivuR sparsity pattern wuumesalineu (block,
. o a v
graph, dilated) LmumﬂﬁimﬂaLsaugwmﬂmiummsﬂwu LanAIU
danguiudunuiungaansuuseiulaaimin

Memory-Augmented Attention — Tilaunadivuiganuduenssminies

u

Taurundmtineing attention Und Titans 1ulnage USuumiindaies
seninganuas TUlalnandn 2 d1u token

Multi-Modal Attention — 9349 lil9 "ounan” uaa sl "Jagiu" — Logy
144l vision encoder NMinsuuAIaduaaiu lalunolRunds

Attention Compression — ﬁ’aﬁuﬂaﬂﬁajﬂ DeepSeek-OCR LSULABS context
Fannumlidunin udas1undusag vision encoder 51190 161 token
Woyads13 10-20 win dusudeyagainednu

EXAMPLE

DeepSeek-OCR is like photographing a page of notes instead of retyping it
word-for-word — the photo (image tokens) holds almost all the same
information in a fraction of the storage.

GEGERE

a L3 [J 1

DeepSeek-OCR ilaugnasuninlunununaznunsiulmifiagan — sUane
X i =~

(image tokens) tnudeyaldtiouminiu ualdwuniuArwdesen

2019-2025 - Sukhbaatar et al. (Adaptive Attention precursor) — arXiv:1905.07799 - Behrouz
et al.,, "Titans" — arXiv:2501.00663 - Qwen3.5 multimodal — HF blog, Feb 2026 - DeepSeek-
OCR — arXiv:2510.18234
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INSIDE LOGY

CHAPTER 12

Inside Logy

9191uf2 Logy

EN

Every idea in this book converges, right now, inside the model running on
ICE's own Mac. Logy — Qwen3.6-35B-A3B — has 40 transformer layers ar-
ranged as ten repeating blocks; in each block, three layers run Gated
DeltaNet (2024's hybrid linear attention, the direct descendant of the RNN
this whole story started by trying to replace) and one layer runs "Gated At-
tention" — ordinary GQA-style full attention (16 query heads sharing just 2
key/value heads) wrapped in a 2025 sigmoid gate that fights the exact at-
tention-sink problem StreamingLLM first flagged back in 2023. Wrapped
around every one of those 40 layers sits a Mixture-of-Experts feed-forward
block: 256 experts total, but only 8 routed plus 1 shared expert actually
switched on per token — the same idea Shazeer proposed in 2017, now
load-bearing. That combination of mostly-constant-cost recurrent layers
and a small handful of active experts is very likely why a native 262,144~
token context fits in one Mac's unified memory at all, extensible past a mil-
lion tokens via RoPE scaling. Some finer details aren't publicly confirmed for
this exact checkpoint: most likely the DeltaNet gate still works per-head
rather than per-channel, consistent with its own lineage, and it's unclear
whether QK-Norm survives into these layers — both marked [inferred], not
stated as settled fact. Logy does not use MLA, NSA, MoBA, or Ring Attention
— its whole efficiency story is "hybrid linear attention + GQA + MoE," noth-
ing more exotic than that. Logy doesn't just use attention — nine years of
the field's argument about how to make attention affordable is, quite
literally, sitting in its weights.
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INSIDE LOGY

TH
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INSIDE LOGY

EXAMPLE

Open Activity Monitor while asking Logy a long question — the near-flat
memory curve you'd see is 30 of its 40 layers quietly refusing to grow a KV
cache at all.

EEETRR
aa3Un Activity Monitor k&2013 Logy A1a1381¢) ) EunsmngaNusi
unulsivduiiuunag Ae 30 Tu 40 awasvesiiu Mdsufiasiiozuens KV cache
GR[EENE

2026 - MarkTechPost, "Qwen team open-sources Qwen3.6-35B-A3B" — marktechpost.com -
architecture detail per AICE Attention Canon §7; gating granularity and QK-Norm retention
marked [inferred]/[unconfirmed] in the canon itself.
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*

End of minibook. Source of truth: ~/Desktop/AICE/canon/ATTEN-
TION_CANON.md. Written 2026-07-31 for ICE.

UIAN UNEIVIYANANAB ~/Desktop/AICE/canon/ATTENTION_CANON.md
Weuliiile 2026-07-31 dwmsu ICE
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