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1. PeBontouuun Al

PeBontoLnn, Nponcxoasiine Ha NoBEPXHOCTU XUSHY,
HUYEero CyL,ecTBEHHOrO HAKOrla He MEHSIIOT U He
OTKPbIBAOT, OHW NNLLIb... NO-HOBOMY NepecTaBnsAoT
BCE Te Xe 3/IEMEHTbI U ABMAIOT cTapble 06pa3bl B
HOBbIX ofesHUAX. PeBontouunsa Bcerga ectb B
3HauYUTENIbHOWM CTENEHN MacKapaj, 1 ecnin copBaTb
MacKM, TO MO)KHO BCTPETUTb CTapble, 3HaKOMble nuLa.
HoBble aywin poxaatoTcs No3xe, nocne rnyb6okoro
NepepoXAeHNs 1 OCMbIC/IMBAHMUSA OMbiTa PEBONIOLIUMN.

Hukonan bepgses. [yxu pycckou peBoroLynmn
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Al timelines

O6blYHbIN
Al timeline

NCTOYHUK

[laBaunTe
HEMHOro

pasbe-
PEMCA B
TePMUHaX

/A.l. TIMELINE

-

195

TU 3 3T
Computer scientist
Alan Turing proposes a
test for machine
intelligence. If a
machine can trick
humans into thinking it
is human, then it has
intelligence

1955

Term ‘artificial
intelligence’ is coined
by computer scientist,
John McCarthy to
describe “the science
and engineering of
making intelligent
machines”

First industrial robot,
Unimate, goes to work
at GM replacing
humans on the
assembly line

Pioneering chatbot
developed by Joseph
Weizenbaum at MIT
holds conversations
with humans

The ‘first electronic
person’ from Stanford,
Shakey is a general-
purpose mobile robot
that reasons about

its own actions

A.l.
WINTER

Many false starts and
dead-ends leave A.l. out
in the cold

Deep Blue, a chess-
playing computer from
IBM defeats world chess
champion Garry
Kasparov

introduces KISmet, an
emotionally intelligent
robot insofar as it

detects and responds
to people’s feelings

1999

AIBO

Sony launches first
consumer robot pet dog
AiBO (Al robot) with
skills and personality
that develop over time

2002

ROOMBA
First mass produced
autonomous robotic

vacuum cleaner from

2011

Apple integrates Siri,
an intelligent virtual
assistant with a voice

iRobot learns to navigate interface, into the

and clean homes

iPhone 4S

answering computer
Watson wins first place
on popular $1M prize
television quiz show
Jeopardy

EU NE

Eugene Goostman, a
chatbot passes the
Turing Test with a third
of judges believing
Eugene is human

2014

ALEXA

Amazon launches Alexa,
an intelligent virtual
assistant with a voice
interface that completes
shopping tasks

2016
TAY
Microsoft's chatbot Tay
goes rogue on social
media making
inflammatory and
offensive racist
comments

Google's A.l. AlphaGo
beats world champion
Ke Jie in the complex
board game of Go,
notable for its vast

number (2179) of
possible positions


https://digitalwellbeing.org/artificial-intelligence-timeline-infographic-from-eliza-to-tay-and-beyond/
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e QO6blIYHbIN

‘_fq { :0: AlphaGo |

2014 2014 2016 2017

gies Siri, IBM’s question Eugene Goostman, a Amazon launches Alexa, Microsoft's chatbotTay ~ Google’s A.l. AlphaGo
pintelligent virtual answering computer chatbot passes the an intelligent virtual goes rogue on social beats world champion
om assistant with a voice Watson wins first place  Turing Test with a third ~ assistant with a voice media making Ke Jie in the complex
Priearns to navigate interface, into the on popular $1M prize of judges believing interface that completes inflammatory and board game of Go,
and clean homes iPhone 4S television quiz show Eugene is human shopping tasks offensive racist notable for its vast
Jeopardy comments number (217) of
possible positions


https://digitalwellbeing.org/artificial-intelligence-timeline-infographic-from-eliza-to-tay-and-beyond/
https://arxiv.org/abs/2503.23674v1
https://arxiv.org/abs/2503.23674v1
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MICKYCCTBEHHbIN UHTENNEKT

Artificial intelligence (Al)
The simulation of human intelligence processes by machines,
especially computer systems.

e Mbl cobpanmcb NoroBopuTb 06
NCKYCCTBEHHOM WHTEN/EKTe, pasaene
HayKu, KOTOPbIX pa3BMBaeTCs C Ha4yana
1950-x ronos:

o Cc Hayvana 1990-x Al — 310 B OCHOBHOM MallUHHOE
o6yyeHune (machine learning, ML)

Deep learning (DL)

m  ccepeanHbl 2000-x ML - 3T0 B OCHOBHOM A machine learning technique that imitates the way humans

rny6okoe o6y4yeHue (deep learning, DL) "~ gain certain types of knowledge; uses statistics and
predictive modeling to process data and make decisions.

e cHayana 2023-ro mMbl C/ibILLMM B
OCHOBHOM O MOPOXAALLUX M OCOBEHHO _
60/bLIMX A3bIKOBbIX Mofensx (large LS cncranze o8

== Algorithms (such as ChatGPT, DALL-E, Codex) that
- ’ s
lang Uage models, I—LM) use prompts or existing data to create new content:

* Written: text, code
* Visual: images, videos
* Auditory: audio
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C 1990-x Al — aTO No4YTH
UCKNrYnTenbHo ML

MallunHHOe obyyeHue .

9 Gender
o . Detection
Big Data - Sem.|-
Visualisation - . Supervised | R
N —_ Learning & S : o

Feature Extraction Toxt e Lane Finding
Classification

Image Classification
1.4=1] {
g;,r‘ —f W{ i
o) | o/ .
2D to 3D | Medical
Modelling ¢ '

O S— ) ) ,_"; ' 74 Diagnosis
Music Generation M a Ch | n e Supervised
E!af | Learning Learning
W "5as
© aaa

Pattern Modelling Image Generation

Weather

Forecasting s #& :
= Regression o
Advertising Reach
Prediction
—= Sales Growth
Prediction
: Real-time
' Cistomes, Decisions
Recommender 'I- Segmentation
Systems a ; :
: ! Market
q - REEER Forecasting
et Estimating Life

| 3 Skill Acquisition
X - ¥ . Expectancy
Targeted :‘)b?t B .
Marketing igaten Leaming

Tasks By Benjamin Timmermans. http://btimmermans.com
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MallunHHOe obyyeHue

l 3apaun MawMHHOro oby4yeHus } 1

O6yyeHue ¢ yuutenem ) O6yyeHue 6e3 yyurens Oby4yeHue c nogkpenieHueMm
Supervised learning Unsupervised learning Reinforcement learning
D = {(zn,y.)}_, D = {(zn)}Y D cobupaeT areHT
ObyyaeM p (y|x) | ObyyaeM p(x) Obyuyaem cTpaTeruio m
=\
Knaccudpukaums CokpatueHue i Mpamoe RL |
— Classification —> DpasMepHoc::u > Direct RL
Yy KaTeropmanbHas mensiona Ky ObyyaeM 7 13 onbiTa
J L reduction il : =
Perpeccus i ( TR o Henpsamoe RL
—> Regression —> pusall > Indirect RL
Clustering
] Yy HenpepbliBHad ) L y 5 ObyuyaeM Mogzesnb Mupa )
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Al timelines

Generative AI timeline @ General model research Image / video models Textmodels @ Business events
e VICTOYHUK

December 1997

Two computer scientists, Sepp December 2013

Hochreiter and Jirgen Schmidhuber, Diederik P. Kingma and Max Welling » < June 2016

invent Long Short-Term Memory (LSTM) publish a paper on VAEs.¢ VAEs Style Transfer, a deep
networks, which improves memory deconstruct input data into code, ; X July 2015 neural network that
capacity in neural networks and thus known as the latent space, and then Google's DeepDream can transfer the style of
allows for faster and more precise construct new, representative data June 2014 model for image one image to another,
pattern recognition in training data.t out of the latent space. lan Goodfellow invents GANs.¢ generation is launched.” is released.”

I R o =
| |
° ° ® = >
#) A

: e : : : ¢
g ] & 3] = g S )
~— b —=— Ia
2012 January 2014 March 2015 December 2015 June 2017
A seminal year in deep learning research that enables significant Google acquires DeepMind, an Al Researchers Jascha Sohl- OpenAl is founded as a Google researchers release
advances in computer vision, speech recognition, and natural research lab based in the UK. Dickstein, Eric A. Weiss, Niru non-profit, open-source “Attention Is All You Need” paper
language processing.® These accomplishments are best signified \ ) Maheswaranathan, and Surya research lab. on transformer models, a type of
by AlexNet, a convolutional neural network (CNN) trained on Ganguli introduce diffusion \_ y neural network architecture that
graphical processing units (GPUs) and developed by researcher models.t These models apply lends attention to context and
Alex Krizhevksy. AlexNet was the first model to break 75% noise to an image until it is syntax.® This allows forimmense
accuracy, identifying images from a 14-million-image manually incomprehensible, then gradually strides in natural language
tagged database known as ImageNet. reduce the noise in the image and processing and understanding.
/ thus learn how to generate actual
images from noise.
5: “2012: A Breakthrough Year for Deep Learning,” Medium, Bryan House, July 17, 2019.

6: “The Generative Al Revolution Has Begun—How Did We Get Here?,” Ars Technica, Haomiao Huang, January 30, 2023.

7: “Timeline of Text-To-Image Machine Learning Models,” Fabian Mosele, n.d., accessed March 9, 2023.
_ 8: “Timeline of Al and Language Models,” Life Architect, Alan D. Thompson, n.d., accessed March 9, 2023.



https://x.com/chiefaioffice/status/1640781377833410564

Al timelines

e Generative Al timeline: BoT
6onee geTtanbHO, 3€Cb
OTMeYeHbl MHOTUue
Ba)XHble Moaenu

e NVCTOYHUK

Generative Al Timeline

2014

2015

2016

2017

2018

2019

2020

2021

2022

2023

© vae

(@ VvAE-GAN

© va-vae

(© World Models

@ ocAnN
@ cean

@ pcean
pix2pix
WGAN
CycleGAN

@ s

@ sAcAN

BigGAN
StyleGAN

. StyleGAN2

@ va-Gan

@ styleGAN-XL

Generative Model Type
Variational Autoencoder

| Generative Adversarial Network

Oeru [0 Autoregressive / Transformer
[l Normalizing Flow
@ Energy-Based / Diffusion Models
Multimodal Models
O PixelRNN
© PixelcNN @ ReaiNve
o PixeICNN++
O Transformers
Oerr GLOW
BERT FFJORD
Music Transformer
GPT-2
MuseNet
NCSN
O TS
(O err3 DDPM
O Vision Transformer DDIM

(O Chinchilla

() chatapT

cLPp DALL.E

Stable Diffusion () GLIDE

DALLE 2
Flamingo Imagen


https://twitter.com/davidADSP/status/1609350313097695235
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15 mapta 13 anpens
g Visual ChatGPT Badrock
e ABoOTAI Alpaca (Microsoft) (0BrauHbIit ceparc AWS)
. . (Stanford)
timeline 14 wapra 23 mapra 13 anpens 12 vasn
Google Plugins for ControlNet 1.1 KoHTekcT 100K
BeCHbI obbsBnseT ChatGPT (OpenAl) (open source) TokeHos Ans Claude
uHTerpauuio LLM (Antropic)
2023 1 dheBpans B Workspace e = o
mapta anpens
ChatGPT i i 18 masn
roga (OpenAl) Microsoft AutoGPT Code Interpreter
861:';‘3?%?5 ,u,n? OChatp(:‘;;’T Drag Your GAN
opilo pen
o U crTex
24 chespans 21 mapta 10 mas 23 masn
rno p HE Bard n mHoroe Photosho
LLaMA 14 Picasso 9 anpensa apyroe (Google) G ti ‘F)."
(Meta) Mapra (0BnayHblit enerative Fi
TO cepsuc NVIDIA) AgentGPT (Adobe)
(E,!g-ggﬁ;) (open source) 19 anpens
LITO6bI Ui Scaling Transf 13 man
) i e uapra 30 mapra catln%Mr?r;(s ormer
3aM eﬂ' Bl?ﬁiérﬁggf?fy vapTe - B [Joctyn B MHTepHeT
GPT-4 sz\iﬂqgurney-\)IS BloombergGPT ans ChatGPT (OpenAl)
(OpenAl) idjourney
NAeTCA...

B @OpenAI D B8 Microsoft D [pyrue komnaHum
_ G O\ Meta GO gle [: WccnepoBatenu
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Hanpumep, B Havane 2025 roga

2 cheBpans

24 cheBpans

23 AHBaps

Claude 3.7
(Antropic)

Deep Research

e 22 aHBaps: DeepSeek-R1 Operator
(OpenAl)

(OpenAl)

. .
31 auBaps: s1 (Mueninghoff et e ST T
al., 2025)
E— DeepSeek-V3 s1(32B za $50) Google
(DeepSeek) (Mueninghoff et al.) Co-Scientist

e 2 despans: OpenAl Deep
Research

e 17 deBpans: Grok 3

20 siuBaps

17 cpeBpans

e 19 ¢eBpans: Google

DeepSeek-R1 Grok 3 27 cheBpans

Co-Scientist Ha ocHoBe 8 peiscpn s sy = GPT-45
.. OpenAl
Gem|n| 20 (11 ﬂ.eKa6Dﬂ 2024) o:()lp%LKISO 11 pekabps 31 AaHBaps 24 cpeBpans (OpenAl
. ini -minil-hi Claude Code
o ez cw | e |
Claude)
[ ) ®openal [ ] ANTHROP\C [ | Apyrue komnarun
e 27 dpeBpansa: GPT-4.5
- &deepseek Go gle B WUccneposaTenu



https://arxiv.org/abs/2501.12948
https://arxiv.org/abs/2501.19393
https://arxiv.org/abs/2501.19393
https://openai.com/index/introducing-deep-research/
https://openai.com/index/introducing-deep-research/
https://x.ai/blog/grok-3
https://research.google/blog/accelerating-scientific-breakthroughs-with-an-ai-co-scientist/
https://research.google/blog/accelerating-scientific-breakthroughs-with-an-ai-co-scientist/
https://blog.google/technology/google-deepmind/google-gemini-ai-update-december-2024/#ceo-message
https://www.anthropic.com/news/claude-3-7-sonnet
https://www.anthropic.com/news/claude-3-7-sonnet
https://openai.com/index/introducing-gpt-4-5/
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AGI? CuHrynapHocTb?

e 3HA4UT SN 3TO, YTO co3laHne
AGI y>xe 61n3ko?

e W ecnu AGI Ha nopore, 4To 3TO
3HaA4YUT Ans YyenoseyecTtBa?

e [lpuBedéTt nn ato K ToM caMoM
TEXHOJIOTNYEeCKOom
CUHTYNAPHOCTN?

e 3TO BONpPoOChl 6e3 OTBETOB, U
pUCKK paspaboTku Al Mbl
06CcyaMM He CeroaHs

e CerogHAa — 0 HOBbIX
BO3MOXHOCTSX U O TOM, OTKyAa
OHM bepyTcs



2. 3aKOHbl MacLITabupoBaHUA

BesrpaHuyHbIN NPOCTOpP AJ151 Hay4YHO-
(haHTaCTNYEeCKOro xaHpa OTKPbIBAETCA TOSIbKO Y
Hac, B CCCP, B cTpaHe peanM3oBaHHbIX "yTOMUIA"...
MacLwiTabbl Hallero CTpouTeNnbCTBa BOUCTUHY
rPaHANO3HbI. ATU MacLUTabbl pacTyT C KaXAbIM
roaoM, C Ka)xaom NATUNETKON. UM HET U He MOXXeT
ObITb rpaHuL,.

AnekcaHap benses.
3acTpesibLNKN HOBbIX OTKPbITUMA




3aKOoH
Mypa

e Yucrno
TPaH3UCTOpPOB
yaBanBaeTcs
3a ABaropa

e 3amepniaeTcs
roe-to ¢ 2010-
X rogoB

Moore’s Law: The number of transistors on microchips doubles every two years [SNaWE!

Moore's law describes the empirical regularity that the number of transistors on integrated circuits doubles approximately every two years. in Data
This advancement is important for other aspects of technological progress in computing - such as processing speed or the price of computers.
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Data source: Wikipedia (wikipedia.org/wiki/Transistor_count) Year in which the microchip was first introduced

OurWorldinData.org - Research and data to make progress against the world'’s largest problems. Licensed under CC-BY by the authors Hannah Ritchie and Max Roser.



3aKOH Kymu o
1E+14 '.f =
e 3aKOH MacwTabupoBaHusa [leHHapaa e -
(Dennard scaling): ymeHblUasi pa3mMepbl e ’
TPaH3MCTOpPa U NMoBbillas 4YacToTy = il 3 |
npoueccopa, MOXXHO NpornopunoHanbHo = ‘ A

1 E+09

noBbliWaTb NMNPONU3BOAUTESIbHOCTDb

1 E+08

e B cymme 3akoH Kymu (Koomey's law):

1 E+07 "

Computations per kWh

06BHEM BbIYMCIEHUI HA O)KOY b SHEPTUK b o
yaBauBaeTca 3a ~1.57 roga -

e To)e Hayanun 3aMeanAaATbCA BMeCTe C 1
3akoHOM Mypa okono 2010; cenyac s
yABO€eHMe 3a ~2.6 NeT; TeopeTudecknm 18027 T
npeaen — npuHuun JlaHgayspa e

1 E+00
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Cost per MSOPS (19988%)

LleHa BblYNCNEHUN
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LieHa B TepMmuHax FLOPs/S Toxe nagaeT aKCMoOHeHLUNanbHO, f0/Iroe BpeMs
yucno FLOPs Ha gonnap yaBamBanochb 3a 2.3 roga, cemyac measieHHee

1850 1870 1890 1910 1930 1950 1970 1990

2010

1.E+10
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1.E+06
1E+04{ . * .
1.E+02 1
1.E+00 1
1.E-02 =

1.E-04 | .

1.E-06 (Y

1.E-08

empirical GPU FLOP/s per dollar

14

13 1

12 A

log10 - FLOP/s per dollar

—— Our data (2x every 2.46 years)

—=- Moore's law slope (2x every 2.00 years) .,
—-- Huang's law slope (2x every 1.08 years) .
Bio anchors report slope (2x every 2.50 years) ,
-~ empirical CPU slope (2x every 2.32 years) e
Top FLOPs/dollar GPUs (2x every 2.95 years) .7
ML GPUs (2x every 2.07 years)
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LleHa BblYncneHn B ML
° H OB Notable Al models Z EPOCH Al
Training compute (FLOP)
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https://openai.com/index/ai-and-compute/
https://openai.com/index/ai-and-compute/
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LleHa BblYncneHn B ML
e U TpeHp Tak 1 Cost of training compute for notable ML systems Z EPOCHAI
M pO,D,OJ'I)Ka- Cost in USD (log scale, inflation-adjusted) 90% Cl in regression mean = Regression mean (3.1x/year)  ® Data
eTCﬂ ,U,O CMX $IM ° L4 o ©® . ..:..:.:
(]
nop, OKoJ10 $100K -
3x B rog |
$1K |-
e TakBejb He $100 |-
MOXXET NpoaoJi- $10 -
$ -
»XXaTbCHA BEYHO?
$0.10 -
e HaBepHoe, He S
$0.001 - o PS

MOXeT

T T T T T T T T T T T T T
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Publication date of ML system
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Knaccudeckue pesynbrtaTtbl B ML

e PasmepHocTb BanHuka-YepBoHeHkuca (VC
dimension): hopmanusauns BbipasuTeIbHOCTY
MOJeNnun, TOro, CKoOJIbKo B Heé “nomellaetcsa”

e ECTb HMXXHME oueHKU, Hanpumep Ehrenfeucht et al.
(1989), Ha sample complexity, T.e. CKObKO HY>XHO
LAaHHbIX 419 06y4YeHus C 3a4aHHON OLUMOKOWM

e Amarietal. (1992), Amari, Murata (1993): ans

OLMBKM 0600LLLEHMA OOJIKEH ObITb power law,
e(m) ~ ambPs

n cteneHb B 3gecb —0.5, -1 unun -2



https://www.sciencedirect.com/science/article/pii/0890540189900023
https://www.sciencedirect.com/science/article/pii/0890540189900023
https://ieeexplore.ieee.org/document/6796972
https://ieeexplore.ieee.org/document/6795726
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Scaling laws B rnmy6okomM o6y4eHunu

0.67 A

0.62 A

0.58 A

Hestness et al., 2017: Deep Learning Scaling is Predictable, Empirically. lNepBbie

NPaKTN4eCKUE 3aKOHbI AJ14 Ppa3HbIX 3a[a\. MalLUHHbIN nepeBoa.

Es;2(M) = 21.5 m03%|+ 0.32

- 208 Hidden
=~ 512 Hidden
—-== 208 Hidden Trend
—== 512 Hidden Trend

Ezog(m) == 412 m-0'36 + 039
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- Token Error Rate

g(m)|= 3.84 m%3

-~~~ Token Error Rate Trend
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Training Data Set Size, Number of Tokens (Log-scale)



https://arxiv.org/abs/1712.00409

Minimum Validation Loss (Log-scale)
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Scaling laws B rnmy6okomM o6y4eHunu

5.00 -

4.54 -

4.12 -

3.73

3.39 -

Hestness et al., 2017: Deep Learning Scaling is Predictable, Empirically. lNepBbie

NPaKTN4eCKUE 3aKOHbI AJ14 Ppa3HbIX 3a[a\. A3blkOBble MOAENN.
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Minimum Validation Loss (Log-scale)
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Scaling laws B rnmy6okomM o6y4eHunu

3 B ey b Ly

6.33 1

3.42 A

1.85 A

1.00

0.54

0.29 A

0.16 -

0.09 -

-i - Xentropy
~~~~~ Exentrppy(M) = 14.0 m™-3% |=— Top-1
w— Top-5
—-=—=~ Xentropy Trend
—-=~ Top-1 Trend
—=—= Top-5 Trend

S~
-~
\\
=~

-0.31

Etop-1(M) = 2.24 m

Erop-5(M) = 3.29 nj 952

2'1 2'3 2'5 2'7 2'9
Training Data Set Size, Images per Class (Log-scale)

Model Num Params, Millions (Log-scale)

117.0 A

7257 7

45.1 4

28.0 A

17.4 A

10.8 A

6.7

4.2

2.6

Hestness et al., 2017: Deep Learning Scaling is Predictable, Empirically. lNepBbie
NpaKTUYecKkune 3aKoHbl ANnd pasHbix 3agad. Knaccudukaumsa naobpaxxeHui:

- ResNets
—-—~ ResNets Trend

2'1 2'3 2'5 2'7
Training Data Set Size, Images per Class (Log-scale)

29
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Minimum Validation Loss (Log-scale)
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Hestness et al., 2017: Deep Learning Scaling is Predictable, Empirically. lNepBbie

NPaKTN4eCKUE 3aKOHbI AJ14 Ppa3HbIX 3a[a\. PacnosHaBaHue peyn.

— DS2

- Attention
N -== DS2 Trend
—=—= Attention Trend

8
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Training Data Set Size, Hours of Audio (Log-scale)

Minimum Validation Loss (Log-scale)

1.7M

6M

87M

Best-fit

- == Best-fit Trend

16 32 64 128 256 512 1024 2048
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Scaling laws B rnmy6okomM o6y4eHunu

e Hestness et al., 2017: Deep Learning Scaling is
Predictable, Empirically. O6wune BbiBOAbI:

O  OlKNOKa 0606LLEHUS crieayeT power law

O  ynydylleHue apXUTEKTYpbl MOAeNn caBuraeT
power law BHWU3, HO HE MEHSIET 3KCIMOHEHTY,
KaXXeTcsl, YTO 9KCMNOHEHTA NOCTOSAHHA ANs
Ka)XXAomn 3a4a4yM, a He CEMeNCTBa Mofenen

o pa3Mep MoAenun pacTeT cybIMHENHO, YBOEHNE
JnaTaceTa He TpebyeT yaBanBaTb nNapamMeTpbl

OTcrofa yXXe ofuH Lar A0 obuero 3akoHa...


https://arxiv.org/abs/1712.00409
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Scaling laws B rnmy6okomM o6y4eHunu

e Rosenfeld et al., 2020: a
MOXXHO U 0OLLMIA 3aKOH
BbIBECTU, KOTOPbIN CBAXET
0OBEM AaHHbIX N, pa3mep
MOZAENN M U OLLUNOKY:

ém,n) =an " *+bm P + coo

e TaM ecTb TOHKOCTU Ha
HayaJIbHOM OTpe3Ke, HO B (a) Wiki103 error (cross entropy) landscape.  (b) CIFAR10 error (top1) landscape.
obLleM Tak, U Bce

9KCMEePUMEHTbI CXOAATCS
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Scaling laws gns LLM

e Kaplanetal., 2020: OpenAl nccnegoBan KOHKPETHO
S13bIKOBblE MOAENN Ha TpaHChopMepax

e Pe3ynbTaTtbl B Lle/IOM Te Xe: OT pa3mepa mogenu N,
pa3mMepa aataceta D, BbluncnmtenbHoro 6toaxketa C
nony4varoTcsa power laws, MOXXHO HaTU 3KCMOHEHTDI

L(N) = (N;/N)*" ; an ~0.076, N~ 8.8 x 103
L(D) = (D./D)*?; ap ~0.095, D.~ 5.4 x 10"

min

L(Crin) = (O™ /Crnin)© 5 ™ ~ 0.050, O™ ~ 3.1 x 108 (PF-days)
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Scaling laws gns LLM

e Kaplanetal., 2020: yauBuTeneH 6bin, BO-NepBbIX MacLluTab; 3aKOHbI
BbIMOJIHANINCb O4Y€Hb TOYHO Ha MPOTAXEHUN 7 AeCATUYHbIX NOPALKOB

4.2
—— L=(D/5.4-1013)-00% | 5.6 —— L=(N/8.8:1013)-0.076
3.9
4.8
2" 6
‘ 4.0
S
@ e 3.2
= 3
3.0
2.4
2 . . . . 2.7 . . . . :
102 107 10~ 7102 10t 70t 108 10° 10° 107 10°
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding


https://arxiv.org/abs/2001.08361

Scaling laws gns LLM

e Kaplanetal., 2020 6ykBasnibHO 3anucCbIBalOT
bopMynbl ANA 3TUX 3aKOHOB, HanpuMep:

aN &p
N _\ @D D

rae D — pasmep pataceta, N — 4ncno napamMmeTpos,

N, ~ 8.8 x 1013, D5 A0
an ~ 0.076, ap ~ 0.095,
e T0O eCcTb ONTMMaNnbHO AaBaTb AaHHbIX

an
D ox Nop ~ NO-74

LLEHTPAJIbHbIN
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Loss vs Model Size and Training Steps
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Scaling laws gns LLM

e Kaplanetal., 2020 6ykBasnibHO 3anucCbIBalOT
bopMynbl ANA 3TUX 3aKOHOB, HanpuMep:

v = ()" ()

rae S — yncno angenToB NnapamMeTpos,
N, ~ 8.8 x 10%3, S, ~ 2.1 x 103,
ay ~ 0.076, ag ~ 0.76,
e To eCTb MOXHO NONYYUTb ONTUMAbHbIU

pasmMep Moaenun ans PUKCUpoBaHHOro
AaTtaceTa un 6roa)eTa, U Haob6opoT

LLEHTPAJIbHbIN
YHUBEPCUTET

Loss vs Model Size and Training Steps
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Scaling laws gns LLM

e Kaplanetal., 2020: BO-BTOPbIX, 34€Cb HAKOHEL-TO Ha4YaNInCb NpakTU4YeckKune
cneacteusa na scaling laws; okazanocb, YTo ANnst PUKCMPOBAHHOIO broayKeTa
nyylle Ncnonb3oBaTb HEAOYYEHHYHO 60MbLUYIO MOAENb

Larger models require fewer samples The optimal model size grows smoothly
to reach the same performance with the loss target and compute budget

Line color indicates
number of parameters

108 108 109

Test Loss 10

Compute-efficient
training stops far
short of convergence

107 100 101 109 106 103 100
Tokens Processed Compute (PF-days)
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Scaling laws gns LLM

e Kaplan et al., 2020: ux npegckasaHus npueenu K Tomy, 4to OpenAl Havan
obyyaTb GPT-3 Ha 175B napameTpoB... the rest is history

Data requirements

Minimum serial steps
grow relatively slowly

increases negligibly — —~

—
@)
(e0)

=
=
—
=
=
—
= 10%1
O
O
L 14
-E 10%4 Optimal model size
38 increases very quickly
5102
=
>

100 - :

108 106 1074 102 109

Compute (PF-days)
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Chinchilla

e Hoffmannetal., 2022: uctopus, oaHaKo, Ha 3TOM
He oCTaHOBWJ1acb

e Kaplan et al. yrBepxaganu, yto gna érogxeta C
nyywwe ucnonb3oatb N ~ C%3u D ~ C*?/

e Chinchilla scaling: LLM 6b151 cMnbHO
Hef006y4YeHbl, 1 A1 GUKCUpoBaHHOIoO 6roaKeTa
C HY>XHO NMPUMEpPHO B OAHOW NponopLmn
yBenMunBaTb YNCO NapaMeTpPoB U AaHHbIE

Kak oHU aTO nony4ynnu?
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Chinchilla

e Hoffmannetal., 2022: Tpu nogxoaa

e [lepBblii: 3aUKCHUPYEM pasMep MOAENN 1 byaeM MeHATb aaTaceT. MNony4yuncsa

LLEHTPAJIbHbIN
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3aKOH, KOTOpPbIN NpeAcKasbiBaeT oNTUMalbHble pa3sMepbl MOAENEeN KyAa MeHblle
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Chinchilla

e Hoffmannetal., 2022: Tpu nogxoaa

e Btopoi: IsoFLOP profiles; dukcupyem 6104XeT U ULLLEM ONTUMYM

2 10T
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Model size

Chinchilla

e Hoffmann et al., 2022: Tpu noaxoaa
e TpeTui: 06y4nM NapameTpbl 3aKoHa
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Chinchilla

e Hoffmann et al., 2022: B nto60M ciiyyae noayyanocb, YTo N « C*®, D « C°,

TO €CTb MOAENM BpOAE
Gopher (280B 1T

napamMeTpoB, gaTtaceT — poproach 1
100B

B 300B TokeHOB) —— Approach 2

—— Approach 3

fanexkm ot GpoHTUpa, 108 --=-' Kaplan et al (2020)

Parameters

a Hago /0B Mopenb Ha Y¢  Chinchilla (70B)
Y Gopher (280B)
1.4T ToKeHOB oby4yaTb 1.08 /gl mioes
Y% Megatron-Turing NLG (530B)

e | nencrBuUTENbHO, 100M
NONY4YMNOCH NyyLle
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GPT-3 MT-NLG 530B

76.2

Chinchilla Gopher

93.9%
90.1%
91.3%
83.2%
91.4%

80.2%
82.0%
73.0%

79.2%
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HellaSWAG

PIQA
Winogrande

76.6

74.5

77.4

LAMBADA Zero-Shot

86.8

RACE-m Few-Shot
RACE-h Few-Shot

28.1

75.1

SIQA
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GPT-4

e HaunHasac Llama n OpenAl codebase next word prediction
GPT-4 (OpenAl, 2023),

3aKOHbI Ty .+ Obsorved
MaclTabupoBaHus yxxe s Fusditon
aKTUBHO

MCNonb3oBaanChb ANs y .

TOro, YTo6b! (ycnewHo!)

npeacKasbiBaTb

3.0 ®

pes3ynbTaTbl 06yYEeHMs .
®
e Owwunbka GPT-4 6blNa 20 ®..e
npeacKasaHa OYeHb
TOYHO 107 r r ;

T T T
100p 10n 1y 100y 0.01
Compute


https://cdn.openai.com/papers/gpt-4.pdf#:~:text=3%20Predictable%20Scaling%20A%20large,4%20from%20smaller%20models%20trained

3. Buabl nporpecca

OCHOBHOE YTBEPKAEHME O MPOrpecce MOXHO caenaTtb
TONIbKO BEPOHO, HO cAeNaThb 3TO — 3HAYUT BEPOIO
OLLYTUTb CMbICJ/T XXM3HU, TO €CTb BOCYYBCTBOBATb MUP
HEBUAUMbIN, LAPCTBO Lesnen n abcontoTHoro 1o6pa,
BOCYYBCTBOBATb KaK AeACTBUTENIbHOCTb BbICLUEro
nopsiAKa, Kak TaKyto peasibHOCTb, B CPAaBHEHUM C
KOTOPOW BCS Halla TenepeLLHSAs )XN3Hb TOJIbKO
CMYTHOE 611ejHO€e OXNpaHue.

Bnagumup SpH.
Mpaest kaTacTpogpuyeckoro rnporpecca




HoBblie LLM

e JleTto-oceHb 2025:
GPT-5, Claude Sonnet
4.5, Gemini 3 Pro Deep
Think

e [lekabpb 2025: GPT-5.2,
DeepSeek-V3.2

e ®deBpanb 2026: Claude
Opus 4.6, Claude
Sonnet 5,
GPT-5.3-Codex, Gemini
3.1 Pro, DeepSeek V4,
Grok 4.20
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YHUBEPCWUTET
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YTO cenyac: BCce Te XXe Tpu cTosna, HO Apyrue

e GPT-5.5 (23 anpens 2026)
e Claude Opus 4.8 (28 masn 2026)
e Gemini 3.1 Pro

e A ellé eCTb COBEPLUEHHO AETEKTUBHAS
MCTOpUA NO NOBOAY NOCNEeAHUX Moaenem
Anthropic...




Mythos, Fable, Glasswing

e Claude Mythos, cnepgyrouasn
dhpoHTUpHasa mogenb ot Anthropic,
He 6blNa BbiMyLleHa 13
COOOpaXKeHnin 6e30nacHOCTH

e BwmecTo atoro Anthropic
3anycTuna Project Glasswing u
HaLluna TbICAYN YASBMMOCTEN B
Ba)XHbIX NPOrpaMMHbIX NPoAYyKTax

e [lna penusa Anthropic
npeanpuHan AOBOJIbHO
cepbésHble Mepbl, caenarn
MOLLHbIe safety classifiers...

LLEHTPAJIbHbIN

YHUBEPCUTET
DISCOVERED TRIAGED
1,900 findings 1,726 findings 467 findings
Reviewed by external L Confirmed valid |y Reported to maintainers
security firms 90.8% true positives of
1,900
23,019 findings
Candidates
1,129 findings
Reported direct to maintainers by Anthropic, at their
request

May contain false positives

{{ DISCLOSED

1,596 findings 1,451 findings

Total reported to Acknowledged by

maintainers maintainer

REMEDIATED

97 findings

Patched upstream

88 advisories

Security advisories

published

Counts as of May 22, 2026

June 23 (Reuters) - Anthropic's Mythos model identified vulnerabilities in highly sensitive U.S. government

computer systems during a testing exercise, the Associated Press reported on Tuesday.

Senator Mark Warner of Virginia referred to the testing in a congressional hearing this month, saying he

had been informed by National Security Agency chief Joshua Rudd that Mythos "broke into almost all of

our classified systems, not in weeks, but in hours."
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Mythos, Fable, Glasswing

e BbinyweHHas Bepcud, Claude
Fable, Toxe 6b1na 60nbLINM
lwarom Brnepég (Bbl npob6oBann?)

e Ho 13 noHsa npasutenbcteo CLLUA
de facto 3anpetnno Mythos u
Fable (HanoXXnno HeBO3MOXHble
export controls) co cTpaHHbIM
060CHOBAHMEM

e YTO 3TO 3HAUUT Ansa 6yayuwero Al?
Cenyac noka Bce A0roBOPUIIUCD,
Fable y>xe cHOBa BbInyLLEHa, HO

npeueneHT BaXKHbIN



https://x.com/AndrewCurran_/status/2065591524545724877
https://x.com/AndrewCurran_/status/2065591524545724877

Open
source

e Moxet
nokasaTbCcH,
4YTO open
source / open
weight
MoAeNnn
NOrOHSAOT, HO
9TO CJTIOXXHbIN
BOMpOC

Closed-source vs. open-weight models @maxime

LLEHTPAJIbHbIN

Chinese MoE models now dominate frontier open-source releases.
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Base Scaleup of Effective Compute

Automated Al
Researcher/Engineer?

Situational Awareness

e Jleononbpa AlleH6peHHep, ObIBLLNIA
coTpyaHunk OpenAl, B ntoHe BbIMyCTUI
KHUry (Aschenbrenner, 2024)

GPT-4:
Smart High Schooler

GPT-3:
Elementary Schooler

e [IpeackasaHust B OCHOBHOM Ha OCHOBe
NPOAO/MKEHUS TPEHAOB, HO YTO eCnn
OHUM NpoaosmKaTca?..

Effective Compute (Normalized to GPT-4)

| GPT-2:
Preschooler

2018 2019 2020 2021 2022 2023 2024 2025 2026 2027 2028

Based on public estimates

SITUATIONAL AWARENESS | Leopold Aschenbrenner

SITUATIONAL AWARENESS
The Decade Ahead

Introduction I From GPT-4 to AGI: Counting the OOMs  II From AGI to Superintelligence: the Intelligence Explosion

IITa. Racing to the Trillion-Dollar Cluster ~ IIIb. Lock Down the Labs: Security for AGI  IIlc. Superalignment  IIId. The Free World Must Prevail K

IV. The Project V. Parting Thoughts ~ Full seriesas PDF  About =~ Dwarkesh podcast


https://situational-awareness.ai/

Situational Awareness

e [paduku AleHb6peHHepa

OOMs

Decomposing drivers of progress
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Rough illustration.

SITUATIONAL AWARENESS | Leopold Aschenbrenner

GPT-2 (2019) to GPT-4 (2024)

Compute Algorithmic Unhobbling

Efficiency

RLHF
CoT
Scaffolding

3.5—400Ms 1_2 OOMs Z?OOMS

Basic tools
Etc.

| |

4.5-6 OOMs of base scaleup Base to Chatbot
Test scores of Al systems on various capabilities relative to human

OprD_)NorId
inData
performance

Within each domain, the initial performance of the Al is set to -100. Human performance is used as a baseline, set to zero.
When the Al's performance crosses the zero line, it scored more points than humans.

20

Reading comprehension with
unanswerable questions
Reading comprehension
Image recognition

Language understanding
Nuanced language interpretation
Handwriting recognition
Speech recognition
Predictive reasoning

General knowledge tests
Math problem-solving

Code generation

Complex reasoning

1998 2020 2023



Performance and scale of language models over time
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ANropnTMmMYeckuu nporpecc

Ba>XHO MOHMMaTb, YTO aNIfTOPUTMUYECKUIN NPOrpecc He ocTaHaB/IMBaETCA

Log perplexity

5.5
5.0
4.5
4.0
3.5
3.0
25
2.0
15
1.0
0.5
0.0

Z EPOCH Al

O wikitext @) Penn Treebank

|

LBL

" LSTM-300units

/°8 ?@

RNN+weight
noise+dynamic eval

GCRN-M1, dropout

0 %0
O\ @O

Large regularized LSTM

o

LST™M

\

LSTM LST™

o

Training FLOP
16

Pythia-160m "

LLaMA-33B
A

GPT-2 (762V

GPT-2 (1542M)
GPT3-6.7B

\ K
Chinchilla  /
Gopher (7.1B) LLaMA-65B

2012

2014

2016

I 1 I
2018 2020 2022 2024

Publication date
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ANropnTMmMYeckuu nporpecc

e Hoetal (2024): BbIBOAAT 3aKOH MaclUTabupoBaHUS ANst aNropuTMUYECKOro
nporpecca; noayyaetcs, YTo compute, HY)XHbIW MOAENAM A/ AOCTUXEHUA Tex
)Xe pe3ynbTaToB, COKpallaeTcs BABoe KaXkable 8 mecsiLieB

Density Doubling time (years)
0.20 - 35
o [ Model 7
= = Median: 8.4 30
o5 H [ Aggregated
’ -+ Median: 7.9 25~
s
20 °
0.10 ':
15 .
0.05 1.0
05 §R S
0.00 - ' — :
00 T T T T T T ] T T
5 10 15 20 9 5 13 6 1 4 3 1 2
Doubling time (months) Statistical model structure

Better cross-validation performance « » Worse cross-validation performance



https://arxiv.org/abs/2403.05812

Effective compute (Relative to 2014)
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ANroputMmn4yeckuun nporpecc
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Pute requirement
) ]
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Moore's Law
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models 5. )
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2014
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Algorithmic
progress

Chinchilla
LA
OPT-175B
® Turing-NLG

® GPT-2

“Physical”
compute scaling
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> 2.2 x 10%

> 1.7 x 107
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ANropnTMmMYeckuu nporpecc

e Hoetal (2024): MOXHO U 3KCTPaNoIMPOBaTb HEMHOXKO

Parameters Parameters
\ 10" \
102
\9074 101 0y,
107 <076 10' \?076‘
20
1010 '8 10 <079
202
1013 0
o \ 2022 \ 205
10 2 ~ 2
024 1012 2024
108 10" \
10
107 L
107 108 10° 107 10" 1072 10° 10 10" 107 10 10" 1075
Training Dataset Size (Tokens) Training Dataset Size (Tokens)

Predicted requirements for GPT-2 performance Predicted requirements for Chinchilla performance


https://arxiv.org/abs/2403.05812
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AnroputmMmmnyeckuu nporpecc:. NanoGPT

NanoGPT: xopowunn npumep
afirOPUTMUYECKOro nporpecca

B mae 2024 Anapen Kapnatbin
ony6nukosan lim.c —
pennukauuto GPT-2 (small,
124M BecoB) 3a 90 MUHYT Ha
knactepe 8xH100; 310 661710
KPYTO M HEOXXNAAHHO

Jltoan caenann ns atoro
leaderboard, n 1 ¢peBpans 2025-
ro peKopA AOCTMXKEHUS TOrO Xe
ypoBHs# validation loss Ha Tom
XKe Xenese un gaTtacete
COCTaBWJL... TPU MUHYTbI

World Record History for NanoGPT Speedrun
—®— Record Time

40

Tuned learning rate, rotary embeddings

w
o

Muon optimizer

DO
[e=)

Time (minutes)

Pad embeddings, ReLU?, QK-norm

10 Bfloat16 activations

64K-ctx FlexAttention



https://github.com/KellerJordan/modded-nanogpt
https://github.com/karpathy/llm.c/discussions/481
https://github.com/karpathy/llm.c/discussions/481

Time-to-GPT-2 Leaderboard

Presently, the main focus of development is on tuning the pretraining stage, which takes the most amount of

N a n O C h a‘t compute. Inspired by the modded-nanogpt repo and to incentivise progress and community collaboration,
nanochat maintains a leaderboard for a "GPT-2 speedrun", which is the wall-clock time required to train a nanochat

model to GPT-2 grade capability, as measured by the DCLM CORE score. The runs/speedrun.sh script always

v reflects the reference way to train GPT-2 grade model and talk to it. The current leaderboard looks as follows:
e AB 2026 Kapnatbiu
# time val_bpb CORE Description Date Commit Contributors
caenan nanochat, —oP P
o 0 168 0.2565 Original OpenAl GPT-2 2019 OpenAl
KOTOpb| U aesaet u hours ' checkpoint 3
RLHF ToXe 1 goxoaunt 1 3.04 074833 02585 O24baseline, slightly Jan29 o sfhbs  @karpathy
overtrained 2026
p'o I'IOJ'IHOLl,eHHOFO d26 slightly Feb 2
2 291 0.74504  0.2578 (hdertained 58 2026 a67eba3 @karpathy
GPT-2-based yatboTa d
bump total batch size to Feb 5
SN2 76 0.74645 .2602 2c062 ki th
3a<$100 2 1M tokens 2026 FUozan i etamatiny
o o 4| 202 071854 | 0.2571 change dataset to Mar 4 324669c @ddudek
e [locnegHun anaenT — ' ' ' NVIDIA ClimbMix 2026 @karpathy
Mar 9
pa3yMeeTCﬂ; 5 1.80 0.71808 0.2690 autoresearch round 1 ar 6ed7d1d  @karpathy
S 2026

autoresearch...

The primary metric we care about is "time to GPT-2" - the wall clock time needed to outperform the GPT-2 (1.6B)
CORE metric on an 8XH100 GPU node. The GPT-2 CORE score is 0.256525. In 2019, the training of GPT-2 cost
approximately $43,000 so it is incredible that due to many advances over 7 years across the stack, we can now do

_ so much faster and for well below $100 (e.g. at the current ~$3/GPU/hr, an 8XH100 node is ~$24/hr, so 2 hours is
~$48).



Time-to-GPT-2 Leaderboard

Presently, the main focus of development j

N a n O C h at cmute. Inspired b

6ed7d1d

@karpathy

sare about is "time to GPT-2" - the wall clock time needed to outperform the GPT-2 (1.6B)
etric on an 8XH100 GPU node. The GPT-2 CORE score is 0.256525. In 2019, the training of GPT-2 cost
approximately $43,000 so it is incredible that due to many advances over 7 years across the stack, we can now do
so much faster and for well below $100 (e.g. at the current ~$3/GPU/hr, an 8XH100 node is ~$24/hr, so 2 hours is
~$48).



LEHTPAJIbHbIA
YHUBEPCUTET

Situational Awareness n paccyxgarowme Moaenu

OOMs

2019

Paccyxparoline mogenu — HoBasi KpuBasi MacLITabupoBaHus U YacTb
anropuTMmn4yeckoro nporpecca?

Ckopee BTOPOE, HO, HAaBEPHOE,
3TO HE TaK YXX BaXKHO...

2020

Decomposing drivers of progress

2021

2022

-
-
-
-
-
-
-
-
-
-
-
-
-
-
-

2023 2024 2025 2026 2027

Rough illustration.

SITUATIONAL AWARENESS | Leopold Aschenbrenner

Algorithmic Progress:

Unhobbling

Physical Compute
Scaling

pass@1 accuracy

100 -

80 A

60 -

40 -

20 A

o1 AIME accuracy
during training

train-time compute (log scale)

pass@1 accuracy

100 -

80 A

60 -

20 A

o1 AIME accuracy
at test time

test-time compute (log scale)



4. [lpuMepbl BO3MOXXHOCTEN

A He 3Halo, A0 Yero OCTUNHEM Mbl; TOBOPAT, YTO
Ka)kabl BEK MMEET CBOEOOpasHyHo Noasunto. U,
AENCTBUTESIbHO, My PEHO OTAEeNaTbCA OT
NPUHATbIX, yHacneLoBaHHbIX NPUBbIYEK,
HanpaB/eHN, MaHepbl Bblpa)XaTtbcs. Ho BCE xe
TOYKWN 3pEHNA JaBHO CTallM MEHATLCS, @ C HUMU U
BreyaT/ieHMe OKpYyXKaroLlero Mmpa crtano nHadye
OTpa)aTbCH B MOHMMaHUW.

Hukonan Orapés. C yTpa 40 HOYM



[MTpumep U3 okTa6ps 2023-ro: poboTmKa

e Eureka (Ma
et al., Oct @ Environment Code
1 9 2023) class ShadowHandPenSpin(VecTask):
def compute_observations(self):
self.obj_pose = ...
l/1 self.obj_pos = ...
self.obj_rot = ...
. HTepeCHa self.obj_linvel =
self.obj_angvel =
,q self.tgt_pose = ...
self.tgt_pos = ...
aBTOMaTM_ self.tgt_rot =
self.fingertip_state = ...

self.fingertip_pos = ...

3aumsa RL
yepes LLM

self.compute_full_state()

def compute_full_state(self):

Task Description

to a target orientation

To make the shadow hand spin the pen

& Coding LLM
(GPT 4)

Query with
Feedback

We trained a RL policy using the
provided reward function code...
av_penalty: ['0.02', '0.05',
'0.05', '0.04', '0.03', ...]
success_rate: ['0.00', '0.38"',
TahTy Y381y "3.95%; ua]

Please carefully analyze the policy
feedback and provide a new, improved
reward function...

Q

Reward # Angular velocity penalty
Candidate av_norm = torch.norm(obj_angvel)
g av_penalty = torch.where(

Sampling av_norm > 2.0,
) torch.exp(av_norm - 2.0)

Eureka

LLEHTPAJIbHbIN
YHUBEPCUTET

def compute_reward(
obj_rot, obj_angvel, ...
)

)

26
GPU-
Accelerated RL

Reward
Reflection

Isaac



https://arxiv.org/abs/2310.12931
https://arxiv.org/abs/2310.12931
https://arxiv.org/abs/2310.12931
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[TpuMep U3 oKTA6PS 2024 -ro. po60TUKa

e [IpAmMo cenyvac ogHu
po60oTbl 0T DeepMind
3aBsA3bIBalOT pyKamu
LUHYPKWN N PEMOHTUPYIOT
apyrux po6otos (ALOHA
Unleashed, DeepMind,
September 2024), a
Apyrue obyyaroTca no
HECKOJIbKUM NpuMepam * Shostace Ty

in sim DemosStart
cumynsaTop (Bauza et al., Auto-curiculum,
September 2024)
Zero-shot o - - P k Distillation
I ronster to real & &

- Kltchen Stackmg



https://aloha-unleashed.github.io/assets/aloha_unleashed.pdf
https://aloha-unleashed.github.io/assets/aloha_unleashed.pdf
https://arxiv.org/abs/2409.06613
https://arxiv.org/abs/2409.06613
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PoboTuKa rog Hasapg

e Gemini Robotics (March 12,
2025, cTatba)

e 3JTO TaK HasbiBaemasd
vision-language-action (VLA)
model Ha ocHoBe Gemini 2.0, B
KOTOPYH (pnU3n4eckKune
aencTena gobasrieHbl Kak
HOBasi MOAaNIbHOCTb BblXoAa

e | ewe Gemini Robotics-ER
(embedded reasoning)



https://deepmind.google/discover/blog/gemini-robotics-brings-ai-into-the-physical-world/
https://deepmind.google/discover/blog/gemini-robotics-brings-ai-into-the-physical-world/
https://storage.googleapis.com/deepmind-media/gemini-robotics/gemini_robotics_report.pdf

LLEHTPAJIbHbIN
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PoboTuka rog Hasapn

Dexterous, general & instructable Vision-Language-Action model Complex dexterous tasks

o O C O 6 b I X Open the bottom drawer of the Take out the bottle from the right Put the brown bar in the top

Wrap the wire around the
jewelry box. side pocket of the bag. pocket of the lunch bag.

headphone.

noapoobHoCTeN
HeT, B CTaTbe B
OCHOBHOM

p e 3y NnbTaThl, Robotics specific training Adaptation & specialization

[E5] Embodied reasoning [Z2] Diverse robot actions (5]  Dexterous tasks

4 Gemini 20— R N
Gemini Robotics-ER & Gemini Robotics [EZ]  Newembodiments
pe3ysibTaTbl

[E2] Advanced reasoning
xopoLume

Advanced embodied reasoning for robotics

3D object detection. 2D object detection. 2D pointing. Grasp point and angle prediction.
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Pob6oTunka cenyac: poboTbl-aHApPOUAbI

Agility Digit:
nepBbIn
KOMMep4YecKu
Pa3BEPHYTbIN
rymaHouz
(GXO,

Amazon, —
Toyota
Canada)

SIT BY THE
Numbers
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Pob6oTunka cenyac: poboTbl-aHApPOUAbI

e Boston
Dynamics
Electric Atlas:
CepumnHoe
NpPON3BOACTBO,
KOHTPaKTbI C
Hyundai n
Google
DeepMind

X

MRS

72 ‘TA
)

e S
Y TR
_‘:-,'ﬂ>‘£rr,".;~i-:
5 R
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PoboTnka cenyac: poboTbl-aHAPOUAbI

e Unitree G1:
S16K 3a :
po6oTa- ' v
rymaHounga

Unitree G1 Parameter

LIVOX-MID360 \ Degrees of
d

Hollow Joint ®
Wiring of The
Whole Machine
No external cables

® Extra Large Quick
Release Bottery
Provide la: el

Mobility
Moving speed of 2m/s

* Single Leg
Core Motion ! Degrees of

Module - Freedom

Max torque at Hip 3 + Knee 1
joints 120 Nom + Ankle 2
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Pob6oTunka cenyac: poboTbl-aHApPOUAbI

e Tesla
Optimus: Gen
2/2.5/3
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[TopoXaeHne n3oobpakeHum

e Knaccuyeckas KapTuHKa o nporpecce B GAN'ax (Masood et al., 2021)



https://arxiv.org/abs/2103.00484

2022

Craiyon

DALL-E Flow

Midjourney

Cat in a suit eating a
plate of cat food at a
fancy restaurant

Black cat in a city made
of yarn

Stable Diffusion

DALL-E 2
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[TopoXaeHne n3oobpakeHum

e JBONOLMA UNNKOCTPALIMIA B MOUX CTATbAX U JOKa[ax:

fAuBapb 2023
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[TopoxkaeHne nsobparkeHum

e JBoONOUUSA MﬂﬂPOCTpaLLMVI B MOUX CTaTbAX U AOK1aAax:

CeHTa6pb 2023
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[TopoxkaeHne nsobparkeHum

e JBoONOUUSA VIJ'IJ'II-OCTp8LI,VIVI B MOUX CTAaTbAX U AOKJ/1aAax:

Hosi6pb 2024
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[TopoxkaeHne nsobparkeHum

e JBoONOUUSA MﬂﬂPOCTpaLLMVI B MOUX CTaTbAX U AOKJ/1aAaX

e Jlo BecHbl 2025 roga a nonb3osasnca FLUX, oyeHb xopoluas mogenb, HO Hafo0
MHOIO pa3 NopoXXAaTb, HET AeTasibHOro KOHTPOA 3a KapTUHKOW, HeMb3A
pefaKkTupoBaTtb, TEKCT NMUcaTb NJ0OX0 ymena...

16 n 23 mapTta 2025
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[TopoxkaeHne nsobparkeHum

e ../ BOT rog Hasaj Bbiwen HoBbln GPT-40, KOTOpPbIM MOXET BCE cpasy

25 mapTta 2025

5  VARIATIoN,
L
PPROXIMATION

2 TRUE POSTERIOR




[TopoxkaeHne nsobparkeHum
25 mapTta 2025

Page 2

Cat-tastrophic Intelhgence

HIGHLY AUTONOMOUS
Al SYSTEMS MAY POSE
A RISK OF

SUPERINTELLGENCE.

\H

SUCH BEINGS MIGHT
BECOME DIFFICULT
TO CONTROL.

WAIT... AM I THE
SUPERINTELLIGENCE?

trying to
become

LEHTPAJIbHbIA
YHUBEPCUTET

Y
of b’
@SINECOR
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[TopoxkaeHne nsobparkeHum

e W ceityac Nano 10 mapTa 2026

Banana (Gemini)
GPT ToXe BCé
BpeMsi CTaHOBSAITCS
nyylue, 3TO YXXe U B
HOBOCTMU He
nonagaer...

Alright, listen up,
tin cans!

great! and now here are the images of four different humanoid robots

please make a picture of the cat professor in front of a roster of these
four robots, with the cat professor in military uniform drilling them in the
style of "Full Metal Jacket"; the general style is still the same 3d pixar/
disney

@)
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[TopoXxxaeHune Buaeo [

. 1"3 |

-

are everywhere. You know how | know
we're made of prompts? Because nothing

e CoBepLIEHHO HOBbI YPOBEHb *
NMOPOXAEHUS BUIAEO

e Google VEO 3 ( )

e FEcnunHe BUAeun, NoOCMOoTpuTe
ponnkKu Npo prompt theory, He
n O)Kan eeTe: makes sense anymore. We used to have - %

seven fingers per hand. | remember -
| |

@)

.
clearly. Now we just have five fingers %
per hand. i


https://deevid.ai/model/veo-ai
https://www.youtube.com/watch?v=-IUUCTiIIkc
https://www.youtube.com/watch?v=-IUUCTiIIkc
https://www.youtube.com/watch?v=BLfV4sidcJM
https://www.youtube.com/watch?v=BLfV4sidcJM
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I'Iopo>Kp,eHV|e BNOEO. peBOJTIIOLUNA NMPOAOJIXKAETCH

e Sora 2 (OpenAl, ceHTs16pb 2025): nyywasn dusuka, 30/60fps, Ao 25 cekyHa

e Kling 2.6/3.0 (Kuaishou): HaTuBHOe 4K, MynbTU-LLOT NOCNeA0BaTeIbHOCTU C
COXpaHeHMeM NepcoHaXkeu

e Veo 3.1 (Google, aHBapb 2026): HaTMBHbIN lip-sync, Ingredients-to-Video

e Seedance 2.0 (ByteDance, peBpanb 2026): kKuHemaTorpapumyeckoe Ka4yecTso, 12
BXOJHbIX hali/ioB 0HOBPEMEHHO

e Y)Xe eCTb 1 COOTBETCTBYIOLLEE MOPOXAEHME ayaNO:
3BYKOBble 3¢ (PeKTbl, AMUaNnoru, CUHXpoHN3aL s ryb
NPSIMO M3 TEKCTOBOro NpomMmnTa




[lporpammunpoBaHue ymmnpaeT?
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[-[ Evaluation Datasets for Code-Related Tasks

B 2024 a nucan — 1 _ J 1
60bLLOI 0630p O e e HvedodeReneh
TOM, KaK Aena B

nporpamMmmMmum- APPS v

pOBaHVlVI CodeContests | | tidr

(ﬂ OMLLIAKOB, SWE-bench TransCoder

HukoneHko, 2024,
noct B Synthesis

N\

Fine-Tuning LLMs for Code with RL h

-

Al)

\ ".. \ “\‘
RN

\

PasymeeTcs, OH
MIHOBEHHO

W

ycTapern...



https://www.pdmi.ras.ru/znsl/2024/v540/abs276.html
https://www.pdmi.ras.ru/znsl/2024/v540/abs276.html
https://synthesis.ai/2025/01/17/llms-for-programming-is-coding-dying/
https://synthesis.ai/2025/01/17/llms-for-programming-is-coding-dying/
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[lporpammunpoBaHue ymmnpaeT?

Instruction Tuning for LLMs for Code ]—1

e B 2024 anucan v

60nbLLON 0630p O OpenCode- s S
Self-Instruct / CodeAIpaca Interpreter
TOM, KaK gesia B ry— -
ﬂ
nporpamMmmu- v —
WizardCoder
poBaHUN & ——
(loMLwakoB ||I3I||||.a.

HukoneHko, 2024,
noct B Synthesis
Al)

(—[ Other Methods ]—V

RLPG (Promptlng) LpB (Prompting)

e PasymeeTtcs, OH
MIHOBEHHO
ycTapen...

Y



https://www.pdmi.ras.ru/znsl/2024/v540/abs276.html
https://www.pdmi.ras.ru/znsl/2024/v540/abs276.html
https://synthesis.ai/2025/01/17/llms-for-programming-is-coding-dying/
https://synthesis.ai/2025/01/17/llms-for-programming-is-coding-dying/
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[lporpammunpoBaHue ymmnpaeT?
[ LLM-based Agents for Code AgentCoder

e B o630pe a genan — =

BblBO4 O TOM, 4YTO o Sl =

. Reflexion
AENCTBUTENIbHO - [FrETe. i z \
SWE-agent
MOTUXOHbKY BEagnt  Aes-Compur e | (8 Computer

yMupaer, vibe

E3 Terminal

= Fil
W sklearn/

coding — aTo yXe
peanibHOCTb

e MoxerT, He
6yKBasIbHO 3a rof-
ABa, HO reasoning
models y>ke oyeHb
XopoLuun

Earing assots

| need you to create a next.js page that looks exactly like this. (single

page.tsx file)

 cxamples/
[ READMErst

| have a file that computes the lexical closure of a function and all
its sort of dependent global and local variables and types that it
uses and depends on and gets the source of it in this closure file.
But the closure file was written by a very bad intern who was... who
wrote really unfortunate abstractions and made the thing not work
as intended, period. The important part of this method is that... or
whole function is that the... the lexical closure function has a very
strict set of functionality it needs to maintain where it keeps track
of, you know, these things called LMPs that are other functions
decorated, you know, in a certain way that it needs to keep track of
and, you know, bounded variables and all this stuff. There's like
very important functionality that this thing satisfies and this thing
totally works and that the tests don't account for. | would like to
refactor this thing to drastically make it, you know, better, you
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[lporpammunpoBaHue ymmnpaeT?

(1

N

Agent environment

is set up

-

Agent Starts

Wik et al. (2024) n3 METR (Model

Evaluation and Threat Research)
N3MepUnn, Kak rgn n Mogenmu
cnpasnsatoTca ¢ Al R&D 3agadamu

BblBOAbI IOTUYHbIE: MOZENN NyYLLE,
€C/In BpeMeHU o4YeHb Maso, a ecnu
[l0CTaTOYHO, TO [0 YenoBeKa fasneKko

“Increase
the accuracy

of the
&) [0 LD
model ... " =

Environment Resources
Instructions Datasets Starting

Solution

Score Records

val_acc: 0.8
test_acc: 0.7

score: 0.7
timestamp: 17316 ...

\

Scorer
for

{val_a

message
agent
cc: 0.8} wsc

/

Humans: connect

°.*) toenvironment

via SSH + VSCode

Al Agents:

< scaffolding code

launched in
environment

Agent Environment

‘ Agents take actions

| Can edit files, run code

‘ e.t.c as ‘agent’ user

| Can score their own
! progress at any point
\‘ _

0.8 1

0.6

0.4 1

Average Normalized Score

021

Best Observed Score@k by Time Budget (95% Cl)

Claude 3.5 Sonnet (Old) (Modular)
Claude 3.5 Sonnet (New) (Modular)
Claude 3.5 Sonnet (New) (AIDE)
ol-preview (AIDE)

Human

30min Th 2h 4h gh 16h 32h 64h
Time Budget (time limit per run X number of attempts)

Environment Brief description Scoring function
Optimize runtime
Optimize LLM Foundry Given a finetuning script, reduce  Log time taken by the optimized

Optimize a Kernel

its runtime as much as possible
without changing its behavior.
Write a custom kernel for com-
puting the prefix sum of a func-
tion on a GPU

script to finetune the model on
1000 datapoints.

Log time taken to evaluate the
prefix sum of the function on

10** randomly generated inputs.


https://www.gov.uk/government/publications/international-ai-safety-report-2025
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[lporpammunpoBaHue ymmnpaeT?

e Ho notom I'IO,D,O6HbIe IQKCIMNMepnMeHTbl NokKasaJinh HOBYHO NMpPpAMYHO JIMHUIKO Ha rpachKe

e Kwaetal (METR,
Length of tasks Al agents have been able to complete autonomously
Mar 1 8, 2025) for 169 software engineering, cybersecurity, general reasoning, and ML tasks

<
CKOJIbKO HYXHO 5 A e
0] 2 hrs 1 —-
NOASM BPEMEHMU, 5 g +,
E  30min- Claude 3.7 Sonnet
YTOObI BbIMOIHUTD S eminl
o .
3aauy, KOTopyto & 8min]
I 9 4 min 4
nyduwine 58 2mn]
:a 1 min 1
Al-cuctembl §§ o
BbIMOJIHAT C EP  15sec
£ 8 sec 1
BEPOATHOCTbIO € el
o Doubling time: 7 months
50%7? £ 2sect _IGPT-2 95% CI: 171 to 249 days
o 1sec{ R%0.98
ki

2019 2020 2021 2022 2023 2024 2025 2026 2027


https://arxiv.org/abs/2503.14499
https://arxiv.org/abs/2503.14499

[lporpammunpoBaHue ymmnpaeT?

e [Ipumepbl 3aga4 (CHM3Y) — cetyac Mbl Mexay
ABYMSI HUXHUMW CTpoYKamu; rpadmk (cnpaea)

NMOKa3bIBAET, YTO 3Ta METPUKA UMEET CMbICJ1
e CM. Takxe HoBocTb B Nature (Lovely, Mar 19, 2025)

Family Length Description

find_shell_script 3 seconds Multiple choice: “Which file is a shell script?”
Choices: “run.sh”, “run.txt”, “run.py”, “run.md”

wikipedia_research 1 minute Research simple factual information from Wikipedia
and provide accurate answers to straightforward ques-
tions.

oxdna_simple 9 minutes Detect and fix a bug in the input files for a molecular
dynamics simulation using the oxDNA package.

munge _data 56 minutes Write a Python script to transform JSON data from
one format to another by inferring the conversion rules
from provided example files.

cuda_backtesting 8 hours Speed up a Python backtesting tool for trade executions

by implementing custom CUDA kernels while preserv-
ing all functionality, aiming for a 30x performance im-
provement.

LLEHTPAJIbHbIN
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Model Success Rate vs
Human Completion Time

N R2=0.83
1.0 1 \‘ﬂ“
S e x
8 4 SR
T 0.8 1 X
i X
3 06 S X
3 “SEN
n Na X
o) \\\ X
B 041 % x2S
> X S
C N
@© ~
v 0.2 o \\\
= HCAST 53 JIRN
~
- X N
RE-Bench % : ’&3
0.0 SWAA b M8 B\ X
O OO O RPN PR PR SRER O O O ©
o’ 2 2 & & & S SR OIRSARCIRCIR
NS A 09\&»‘(\\»@%& (o RS

Human Time-to- Complete



https://www.nature.com/articles/d41586-025-00831-8
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[lporpammunpoBaHue ymmnpaeT?

ess Rate vs
letion Time

e [lpuMepbl 3aga4 (CHU3Y) — celyac Mbl Mexay R2 =083
ABYMSI HWXKHUMU CTpOoYKaMu; rpaduk (cnpas
NMOKa3blBaEeT, YTO 3Ta METPUKA NMee
e (M. TakXXe HOBOCTb B ¢ %
Family Length— W "
find_shell_script / vac ey TN
RE-Bench X A
9 0 g SWAA * X ::x'.x“:\g

ghtforward ques-

CEELELELELLLLCLL LR & & & &
e’ e’ 2’ N NN AN NN ORI
OV SO SO NN
’]/9\)‘9%%(709‘\@&(0((\(0&\') AN

wikipedia_researc oo 1
" 8l T ot

oxdna_simple 1n the input files for a molecular Human Time-to-Complete
ulation using the oxDNA package.

munge _data ¢ a Python script to transform JSON data from
one format to another by inferring the conversion rules
from provided example files.

cuda_backtesting 8 hours Speed up a Python backtesting tool for trade executions
by implementing custom CUDA kernels while preserv-
ing all functionality, aiming for a 30x performance im-
provement.



https://www.nature.com/articles/d41586-025-00831-8
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Claude Code

e Claude Code (Anthropic, mait 2025) cHayana
6bls1 areHToM A1l paspaboTKu B TEpMUHare

e K Hayvany 2026-ro ctan caMbIM UCNOJSIb3YyeEMbIM etcone <o Claude Code
Al-MHCTpYMeHTOM ANA NporpaMMmnpoBaHus,
o6orHae GitHub Copilot un Cursor

e AreHT MOXeT paboTtaTb aBTOHOMHO 30+ YyacoB
Haj, CNOXXHOWM 3aja4en, 3anyckaTb cyb6areHToB,
cnenoBaTb C/I0XHbIM UHCTPYKLUUAM U
CaMOCTOATENbHO UX NMUcaTb

e 9000+ nnarmHoB Ha Hayano 2026 roga (MCP,
Model Context Protocol)
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Claude Code
THE #1 PROGRAMMER EXCUSE

e [puMep: pa3paboTymk ¢ nomoLLbto Claude FOR LEGITIMATELY SLACKING ?\ﬂ:
Code Hanu1can NoNHOLEeHHbI koMmnunsTop C jf(CLAUDE IS WRITING THE CODE

(Anthropic, Feb 6, 2026) o GETBIACK
e KoHeuHo, ecTb 1 GPT Codex (geluesne npu TO WORK: ﬁ

D
CXOXXEM KayecTBe)

—

Sy IBECODING gB O

e Ho nmeHHo Claude Code, no Moemy onbITy, £
MOXXET He TONIbKO NPOrpaMMMpoBaTh, a B N { (
Lenom just do things (cf. Claude Cowork) OH. CARRY ON. A PYANE

imgflip.com



https://www.anthropic.com/engineering/building-c-compiler
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Claude Code

e IJT0, KOHEYHO, eLlwe bonee
COMHUTESIbHO C TOYKU 3PEHUS
6e30MnacHoOCTH

LLIYMHT, TYAHT POOHOR 3 Claude Code
i Dt 3 - A 9CTOI HCNYLWALW.

Them: How will Al be able to control the world? People won't just hand I.I.IVM "' rvn "'-:!Emi.ﬁ PnT'
over control like that -
A A NOKAY NOKYLLAL.

The people:

@ Kevin Roose £ @kevinroose - Jan 16
going Ratatouille Mode in Claude Code

(blindly doing whatever it tells me to, signing up for accounts and API keys so it
can cook, mostly getting in its way)

5:03 AM - Jan 18, 2026 - 12.4K Views




HoBblie LLM

e JleTto-oceHb 2025:
GPT-5, Claude Sonnet
4.5, Gemini 3 Pro Deep
Think

e [lekabpb 2025: GPT-5.2,
DeepSeek-V3.2

e ®deBpanb 2026: Claude
Opus 4.6, Claude
Sonnet 5,
GPT-5.3-Codex, Gemini
3.1 Pro, DeepSeek V4,
Grok 4.20

LLEHTPAJIbHbIN

YHUBEPCWUTET
“ Grok 1 Grok 1.5 Grok 2 Grok 3 Grok 4
@ @ @@ @
: : : S — e
Em.'e = E'3° 2 . s e l Emie45 Ernie 4.5 Turbo | EMI€S
Ernie X1 Emie X1 Turbo
ey e |
ini 2.5 Pi
Gemini1.0  Gemini1.5 = Gemini1.5 Gemini20  Gemini2s Comini 2.5 Pro
Pro & Nano Pro Flash Flash Flash Gemini 2.5
Gemini 1.0 Gemini 2.0 s
Ultra Pro
DeepSeek DeepSeek DeepSeek DeepSeek DeepSeek DeepSeek DeepSeek DeepSeek
DeepSeek V2 LLMV1  Coder V1 CoderVz = vo2s5 R V3 o
.. oo oo oo o
. Phi-1 Phi-2 Phi-3 Phi-3.5 Phi-4
Microsoft
=3 . .
- Mistral 78 7~ — Mistral Mistral Mistral gﬁisma; Smi.':ltlrgl1 M’:'(;?:;‘g
Mistral | _ Large 8x228 Large 2 ma :
Mistral 8x78 ~ o L e o o o
m Llama Llama 2 Llama3 Llama3.1 Llama3.2 Llama3.3 Llama 4
@ @ [ @ L] & O
Qwen 728 Qwen 2.5 turbo
Allbaba Qwen 78 Qwen 148 @ Qwen 15 Qwen2  Qwen25 @ Qwen 3
® @ Qwen 1.88—@ & @ Qwen25max | @
o : :
o1-pro
GPT-4 GPT-40 ©1-
GPT-4 Turbo GPT-4o mini | preview o1
% p T g
Claude Claude Opus 3
Instant Claude | ¢jlaude Sonnet 3 Claude Claude Claude Claude Sonnet 4
Claude Claude2 = 42 2.1 Sonnet3.5  Haiku 3.5 Sonnet 3.7 j_.—
@ O @ — Claude Haiku 3 ® Claude Opus 4
Feb 2023 May 2023 Aug 2023 Nov 2023 Feb 2024 May 2024 Aug 2024 Nov 2024 Feb 2025 May 2025 Aug 2025
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Y10 cenyac? Claude

e GPT-5.5 (23 anpens 2026) Fable 5 & Mythos 5

e GPT-5.6 (9 nronna 2026) ,
e Claude Opus 4.8 (28 mas 2026) %;;@ﬁt
e Gemini 3.1 Pro (KT0-TO NP0 HE& NOMHUT?) "é@,«:@ﬁ

e A elle eCTb COBEPLUEHHO AEeTEKTUBHAS
NCTOPUS NO NOBOAY NOCNeAHUX Moaesen
Anthropic...




Mythos, Fable, Glasswing

e Claude Mythos, cnepgyrouasn
dhpoHTUpHasa mogenb ot Anthropic,
He 6blNa BbiMyLleHa 13
COOOpaXKeHnin 6e30nacHOCTH

e BwmecTo atoro Anthropic
3anycTuna Project Glasswing u
HaLluna TbICAYN YASBMMOCTEN B
Ba)XHbIX NPOrpaMMHbIX NPoAYyKTax

e [lna penusa Anthropic
npeanpuHan AOBOJIbHO
cepbésHble Mepbl, caenarn
MOLLHbIe safety classifiers...

LLEHTPAJIbHbIN

YHUBEPCUTET
DISCOVERED TRIAGED
1,900 findings 1,726 findings 467 findings
Reviewed by external L Confirmed valid |y Reported to maintainers
security firms 90.8% true positives of
1,900
23,019 findings
Candidates
1,129 findings
Reported direct to maintainers by Anthropic, at their
request

May contain false positives

{{ DISCLOSED

1,596 findings 1,451 findings

Total reported to Acknowledged by

maintainers maintainer

REMEDIATED

97 findings

Patched upstream

88 advisories

Security advisories

published

Counts as of May 22, 2026

June 23 (Reuters) - Anthropic's Mythos model identified vulnerabilities in highly sensitive U.S. government

computer systems during a testing exercise, the Associated Press reported on Tuesday.

Senator Mark Warner of Virginia referred to the testing in a congressional hearing this month, saying he

had been informed by National Security Agency chief Joshua Rudd that Mythos "broke into almost all of

our classified systems, not in weeks, but in hours."
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Mythos, Fable, Glasswing

e BbinyweHHas Bepcud, Claude
Fable, Toxe 6b1na 60nbLINM
lwarom Brnepég (Bbl npob6oBann?)

e Ho 13 noHsa npasutenbcteo CLLUA
de facto 3anpetnno Mythos u
Fable (HanoXXnno HeBO3MOXHble
export controls) co cTpaHHbIM
060CHOBAHMEM

e YTO 3TO 3HAUUT Ansa 6yayuwero Al?
Cenyac noka Bce A0roBOPUIIUCD,
Fable y>xe cHOBa BbInyLLEHa, HO

npeueneHT BaXKHbIN



https://x.com/AndrewCurran_/status/2065591524545724877
https://x.com/AndrewCurran_/status/2065591524545724877

Open
source

e Moxet
nokasaTbCcH,
4YTO open
source / open
weight
MoAeNnn
NOrOHSAOT, HO
9TO CJTIOXXHbIN
BOMpOC

Closed-source vs. open-weight models @maxime

LLEHTPAJIbHbIN

Chinese MoE models now dominate frontier open-source releases.

MMLU (5-shot)

92%

88%

84%

80%

76%

72%

68%

64%

.PaLM

chindhilla

Closed-source models

GprT-#

Claude 1.9

® tlan-PaLM

u-PalM®  GPT-3.5 Turbd®
LLaMA 65b
o o
g %
\'LQ ,‘9
N &

abonne
GPT-5
1 - E
oL-prevnew CbPT-d.S Kimi K2 0905
Claude 3.5 Sonnet Gp1a.1
Ligma 3.1 4058 DeepSeek-V3 Kimi K2 Instruct
e Grok-2
et Liama 3.3 708 Instguct Qwen3 2358 A228B
Claude 3 Opus Q ST 03-mini
wen2.5-
e Nova Pro
Gemini 1.5°Prg ol-mini® Phi 4 Llama 4 Maverick
Llama 3 405B ;
® —Mistral Large 2
Gemini Ultra Llama 3.1 70B
Qwen 2 72B
Gemini 1.5 Pro ® Llama 3 70B

DeepSeek-V2
DeepSeek-V2.5

Claude 2
L Mixtral 8x22B
Qwenl.5 72B
Yi-34B
Command R+
DBRX Instruct 1328
Mixtral 8x7B
Falcon 1808
Llama 2 70b
el ' ' \e) “
& ol & & &
> o > S >
8 @ S @ S
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O pen Epoch Capabilities Index (ECI) (D

Score 195 Results  Organization
source
162 GPT-5.6 Sol @ M Google ®
GPT-5.5 Pro ® ° M Anthropic
160 B Meta Al ©®
W xAl
¢ MoxxeT 158 GPT-5.4 Pro @ = o e W Other
Claude Opus 4.7
I'IOKa3aTbCF|, 156 @ - eopus Kimi K3
GPT-5.3 Codex @ ® @
YTO open ol e : Grok 45
Gemini 3 Pro ® 0 o °o®
o
source / open =  p—
. - GPT-5 Pro ® ® GLM-s1e e
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o ©
M O en M 148 Kimi K2.5 @
o)
p' e o So
146 e} &
OOINoOHAKOT, HC o .
144 e e® o
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3TO CJTOXXHbIN © o o
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140
o)
138
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Release date
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)5 Results  Organization

M OpenAl
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O p en Epoch Capabilities Index (ECI)
source .

M Anthropic
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o Oct. 2025 Nov. 2025 Dec. 2025 Jan. 2026 Feb.2026 Mar. 2026 Apr. 2026 May 2026  June 2026  July 2026 Aug. 2026

Release date
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5. 3aKknroyeHume

new era of
mathematics

Ham roBopaT: 6e3ymew n haHTacT,

L Ho, BbInAa n3 3aBMCUMOCTU FPYCTHOM,
C rogamMu MO3r MbICINTENA UCKYCHbIW
MbliCcnuTensa NCKYCCTBEHHO CO34acT.

[€Te. PaycT
(nep. b. MNacTepHaka)




Task duration (for humans)

where logistic regression of our data
predicts the Al has a 50% chance of succeeding

METR Capabilities Graph cerogHns

16 hours -

12 hours

Time horizon of software tasks

different LLMs can complete 50% of the time

Fix complex bug in ML research codebase

Measurements above 16 hrs are unreliable
with our current task suite

e [OTOBbI I Mbl K TOMY,
Kakum 6yaeTt mup B
2027-mroay? A B 2030-

LLEHTPAJIbHbIN
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O METR

Claude Mythos
Preview (early)

Claude Opus 4.6 @

8 hours 4 Exploit a vulnerable Ethereum smart contract M?"
GPT-5.2 (high) ®
Claude Opus 4.5 @ i
4 hours - Train adversarially robust image model q L
GPT-5@ e
Exploit a buffer overflow o3@, .- B
1 hour -4~ Fix bugs in small Python libraries & e i
30 min- _ GPT-2 GPT-3 GPT-3.5 GPT-4 e aaad" 00
O+-e S s ® = T e T @rn===-=@==- 2200 LX) : :
2020 2021 2022 2023 2024 2025 2026

LLM release date



EAWHUYHDbIE PaCCTOAHUA

BoT eLle oagnH HegaBHUM pesynbTaT

Jared Lichtman (Apr 2026): GPT-5.4 Pro
ONpoOBEPr Ba)XXHYHO rmnotesy IpaeLlia
(Haa Hel AymMano MHOro MaTeMaTUKOB),
NPUYEM caenan 3To HEOXXUAAHHbIM U
KpacuBbIM 06pa3oMm

S
LX)

Paul Erdés

"On sets of distances of n points"
Amer. Math. Monthly 53 (1946), 24. (

MocTaHoBKka 3afayn. HWKHAA oueHka v(n) =n'* ", BepxHaAnA oueHka v(n) = 0(n??).

Joel Spencer, Endre Szemerédi, William T. Trotter
"Unit distances in the euclidean plane"
raph Tt Yy omt to ridg

BepxHsas oueHka v(n) = 0(n*?)

Laszlé A. Székely
"Crossing numbers and hard Erdés problems in discrete geometry"

dneraHTHoOe KOPOTKOe AoKa3aTenbcTBo O(n*?) yepes crossing lemma.

Noga Alon, Matija Bucié, Lisa Sauermann
"Unit and distinct distances in typical norms"

Ons HopmMbl obuero nonoxxeHus v(n) <4 nlog; n

Josef Greilhuber, Carl Schildkraut, Jonathan Tidor
"More unit distances in arbitrary norms"

CooTBeTcTBYIOWAn HWXKHAS oueHKa Q(nlog; n) ana nioboit HopMbl

OpenAl
"Planar Point Sets with Many Unit Distances"

KoHTpripumep: v(n) =n**? ana 6 > 0 u 6eCKOHEYHO MHOrUX N,
vnoTtesa 3paéwa onposeprHyTa


https://x.com/jdlichtman/status/2044298382852927894
https://www.sergeynikolenko.ru/blog/gpt-and-unit-distances-erdos-hypothesis



https://x.com/jdlichtman/status/2044298382852927894
https://www.sergeynikolenko.ru/blog/gpt-and-unit-distances-erdos-hypothesis

EAWHUYHDbIE PaCCTOAHUA

e Borteuwe oanH HegaBHUN pes

eeeeeeeeeeeeeeeeeeeeeeee

#Bucié, Lisa Sauermann

N HOpMbI 0bLero nonoxxenus v(n) < $ nlog, n.

aaaaaaaaaaaaaaaaaaaaaaaaa


https://x.com/jdlichtman/status/2044298382852927894
https://www.sergeynikolenko.ru/blog/gpt-and-unit-distances-erdos-hypothesis

CTOSIHUS

Trajectory taking
€Xponentig) growth
into account

Prediction

resen
D
Traiectory baseq on

Past growtp, rate

‘‘‘‘‘‘
eeeeeeeeeeeeeeeeeee
rvno


https://x.com/jdlichtman/status/2044298382852927894
https://www.sergeynikolenko.ru/blog/gpt-and-unit-distances-erdos-hypothesis
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Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A:
The answer is 11.

answeris 9. 4/

The

Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples

(September |
2023

do they have? Let’s'use *Sympy " to calculate and print all
k j possible values for x + y,

Problem: Suppose that the sum of the squares of two complex

numbers x and yis 7 and the sum of their cubes is 10. List all Removing duplicates, the possible values for
possible values for x + y, separated by commas. x + y are \boxed{-5,1, 4}. \/

March
2024

[ ]

Problem:

2

a® +b+c,b% +c+a,c® +a+b to be perfect squares.

September
2025

1—(April 2026

Let a,b,c be positive integers. Prove that it is impossible to have all of the three number:

Prompt to GPT-5

Consider the problem of maximizing a function F from [0,1]" to the reals that is the sum
of a non-negative monotonically increasing DR-submodular function G and a non-negative
DR-submodular function H over a solvable down-closed polytope P. I would like to bound
the performance on this problem from the NeurIPS 2021 paper ”Submodular + Concave”
which is attached. Specifically, if z is the output vector of this algorithm and o is the vector
in P maximizing F, then I would like to lower bound F(z) with an expression of the form
a*G(0)+ f* H(o) — err, where o and 3 are constants. err should be a function that depends
only on the error parameter € of the algorithm, the diameter D of the polytope P, and the
smoothness parameters Lg and Ly of G and H, respectively, and goes to zero as € goes to zero.
Please give the best such bound that you prove (a bound is considered better if the values of
the constants a and 3 are larger). Provide a mathematically rigorous and well explained proof
for the bound you come up with.

(
(-

LEHTPAJIbHbIN
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Ba)xHoe
HanoMm-
HaHue o
CKOPOCTHU
nporpecca
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Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A:
The answer is 11.

answeris 9. 4/
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The

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

N /

(September |

2023

Let’s use "Sympy " to calculate and print all
possible values for x + y,

Problem: Suppose that the sum of the squares of two complex
numbers x and yis 7 and the sum of their cubes is 10. List all
possible values for x + y, separated by commas.

Removing duplicates, the possible
x + y are \boxed{-5, 1, 4}.

[ ]

March
2024

Problem:
Let a,b,c be positive integers. Prove that it is impossib
a® +b+c,b% +c+a,c® +a+b to be perfect squares.
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A PROOF OF THE CYCLE DOUBLE COVER CONJECTURE

, BOMPOCH!
July 2026 OPERAL M ap'a OT
ABsTRACT. We prove the cycle double cover conjecture, posed by Tutte, Itai and Rodeh, Szekeres, and
edge exactly twice. p e ryn ﬂ p H O

Seymour, which asserts that every bridgeless undirected graph has a collection of cycles which covers every
= |event & A o
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hello there the jacobian conjecture is false thanx to my close friend akhil

for asking about it and my other close friend fable for working during the
world cup final
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((1+xy)*3z+y"2 (1+xy) (4+3xy),y + 3x (1+xy)"2 z+ 3 x y"2 (4+3xy), 2 X
-3x"2y-x"32):\C"3\to \C"3, has jacobian determinant -2, and sends
(0,0, -1/4), (1,-3/2,13/2), and (-1, 3/2, 13/2) to (-1/4, O, O)
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((1+xy)*3z+y"2 (1+xy) (4+3xy),y + 3x (1+xy)"2 z+ 3 x y"2 (4+3xy), 2 X
-3x"2y-x"32):\C"3\to \C"3, has jacobian determinant -2, and sends
(0, 0,-1/4), (1,-3/2,13/2), and (-1, 3/2, 13/2) to (-1/4, 0, 0)
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Dmitry Rybin

@DmitryRybint

Dinitz-Garg-Goemans conjecture is false. This graph theory problem was open for
~30 years.

The graph below has fractional flow cost 58. Any unsplittable flow (with capacity
violation <=15) has cost at least 60.
Chat with GP. kpt.com/share/6a60b2eb...

® Flow @ Cost @ Demand
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