State of Al CS Space

OTKyAa Mbl npuwna, Cepreit HUKOMEHKO
KTO Mbl U KyAia Mbl UAEM? 16 mapra 2025




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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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




MallunHHOe obyyeHue
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e (C 1990-x Al — aTo noyTwm
ncknrynTenbHo ML

Gender
Detection

Semi- : i i R —
A v g
Supervised [ 1 /i e
Learning J& - i #
i Classification o -

it Lane Finding

Classification
Image Classification

Machine Supervised
Learning Laaiming

Weather
Forecasting

Advertising Reach

Prediction
Sales Growth
= Prediction
Real-time .
Decisions o
3 Market
= = Forecasting

skill Acquisition Estimating Life

¥ Expectancy
Robot
Navigation Learning
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 )




e HenpoceTtu 6b1n1n Bcerga, ewwé ao Al Eﬁiﬁgﬁﬁm

KakK HayKu, HO 3apaboTain He TakK

[y6oKOe Oby4YeHNEe naewo (ncrounnx)

| First | ' Second i : | Third
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Bt ==nnsenmmmcemnnemnenanone - P Mp=zenzsnscases meeie - - - >
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https://medium.com/@lmpo/a-brief-history-of-ai-with-deep-learning-26f7948bc87b

CS Spcace

Kny6 TexXHONornim n Haykm

Al timelines
Generative Al timeline

. General model research

Image / video models Text models . Business events

e /ICTOYHUK

December 1997 4

Two computer scientists, Sepp
Hochreiter and Jirgen Schmidhuber,
invent Long Short-Term Memory (LSTM)
networks, which improves memory
capacity in neural networks and thus

December 2013

Diederik P. Kingma and Max Welling p . June 2016

publish a paper on VAEs.¢ VAEs

Style Transfer, a deep
deconstruct input data into code, ; S July 2015 neural network that

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.”

.

\ ) ) . |
® L ’ ‘ @ ‘ >

I 1t o 1 1 1 + !
& 2 g 2 ‘ 2 \ 8 \ 8 B )
2012 January 2014 March 2015 December 2015 June 2017

A seminal year in deep learning research that enables significant
advances in computer vision, speech recognition, and natural
language processing.® These accomplishments are best signified
by AlexNet, a convolutional neural network (CNN) trained on
graphical processing units (GPUs) and developed by researcher
Alex Krizhevksy. AlexNet was the first model to break 75%
accuracy, identifying images from a 14-million-image manually
tagged database known as ImageNet.

Google acquires DeepMind, an Al
research lab based in the UK.

Researchers Jascha Sohl-
Dickstein, Eric A. Weiss, Niru
Maheswaranathan, and Surya
Ganguli introduce diffusion
models.t These models apply
noise to an image until it is
incomprehensible, then gradually
reduce the noise in the image and
thus learn how to generate actual
images from noise.

OpenAl is founded as a
non-profit, open-source
research lab.

Google researchers release
“Attention Is All You Need” paper
on transformer models, a type of
neural network architecture that
lends attention to context and
syntax.? This allows for immense
strides in natural language
processing and understanding.

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 VCTOYHUK

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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Passutune Al B anoxy LLM

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 U 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

23 aHBaps 2 cpeBpans 24 cheBpans
o 22 aHBaps: DeepSeek-R1 Operator Deep Research Claude 3.7
(OpenAl) (OpenAl) (Antropic)
° : i
2|1 glazasgﬂ. s1 (Mueninghoff et e ST T
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
Co-Scientist Ha ocHoBe 5 pekabps
Gemini 2.0 (11 _nekabpsa 2024) o1/01Pro

DeepSeek-R1
(DeepSeek)

Grok 3
(XAl)

27 cpeBpans

GPT-4.5
(OpenAl)

(OpenAl) 11 pekabps 31 saHBapsA 24 cpeBpans
o 24 (beBpanﬂ:_CIaude 3..7 G(eG"(;iongilgic oS-(rSLnei!‘-Eli;gh] CI(a:n?fogg;se
Sonnet (hybrid reasoning
Claude)
[ ) ®openal [ ] ANTHROP\C [ | Apyrue komnarun
e 27 dpespans: GPT-4.5 ) &deepseek Go g|e [ ] eeneposatenn



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 3HA4uUT NN 3TO, 4YTO co3aaHue AGI
y>Ke 6/1M3K0?

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

e [lpuBEeOET Nn 3TO K TON caMOoW
TEXHOIOrMYECKOW CUHTYNAPHOCTU? |

e 3TO BONpPoOChl 6e3 OTBETOB, U
puckn AGI Mbl 06cyamnm B
cnefyrowmn pas

e (CerogHAa — 0 HOBbIX
BO3MOXXHOCTSAX U O TOM, OTKYy/Aa
OHM bepyTcH




2. ML, DL, TpaHCcdopMepbl...

...Mbl 3HaeMm, YTO BOCNOMWHAHKE MO Mepe Toro, Kak
OHO CTAHOBUTCSA H6oslee APKNUM U CUNbHbIM, ObnagaeT
TeHAeHLUMeN npeBpaLLaTbCa B BOCMPUATUE, MPUYEM
HeNb3s TOYHO ONpenenTb MOMEHT, KOoraa UMEeHHO
NPOUCXOANT 3Ta paauKanbHasa TpaHchopmMauma u
Koraa, cnefoBaTesibHO, MOXXHO 6blJ10 Obl CKa3aTb, YTO
OHO NepeLsio ¢ UMarnHaTUBHbIX HEPBHbIX 3/1EMEHTOB
Ha 3/1EMEHTbl CEHCOpPHbIE.

AHpu beprcoH. Matepusa n naMaTb
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PeBontounsi rnybokoro obyyeHus

QADDDD

QOOOOJ
e B 2006-2007 rogax npousoluna pesontoums rnybokoro obyyeHus (deep
learning), Hayanacb TPeTbs BOJIHA XalNa HEMPOHHbIX CEeTeN

e PeBonouns 6bina He TONbKO NAENHON, HO N TEXHUYECKON: Tenepb ecTb
JaHHble N BblYUCIUTENIbHbIE MOLLHOCTU

e Cenvac rnybokue HEMpOHHbIe CETU AatoT ydllme
pe3ynbTaTbl NOYTU BO BCex obnactax ML
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KcTtatun, o [xxeddpn XMHTOHE

S ) 2 PRESS RELEASE

e \ 8 October 2024

The Nobel Prize in Physics 2024

The Royal Swedish Academy of Sciences has decided to award the Nobel Prize in Physics 2024 to

John J. Hopfield Geoffrey E. Hinton

Princeton University, NJ, USA University of Toronto, Canada

“for foundational discoveries and inventions that enable machine learning
with artificial neural networks”

They trained artificial neural networks using physics



CS Spcace

Kny6 TexXHONornim n Haykm

HeNpOoHHbIe ceTH

HelpoHHas ceTb — 3TO 60NbluUast U CNIOXHas
KOMMO3MLUA MaNeHbKNX N NPOCTbIX QYHKLNA

OAVH HEMPOH — 3TO JINHENHAN KOMOUHaLUUS
BXO/0B MN/1OC HETIMHENHOCTb

[Nony4yaeTcsa rpag BbIYMCNEHUIA, KOTOPbIN
cUMTaeT PYHKLUMIO OLUNOKM AN MOAENU

YT06bI 06y4YNTb MOAENb (HAaUTK Beca JIMHENHbIX
KOMOWHaLNI, HYXXHO TONIbKO HAay4YMUTbCs CYMTaTb
nponsBofHbIe Mo rpady BbIYNCNEHN
(backpropagation)

[anblue rpagueHTHbIW cnycK




CS Spcace

Kny6 TexXHONornim n Haykm

CBepTOYHble HEUPOHHbIE CeTH

[MpuMep Ba)KHOW apXUTEKTYPHON naen: cBEpPToYHble cetu (convolutional networks)

OcHOBaHbI eLlé Ha aKcrnepuMeHTax Xbtobena u Busens, Kotopble pa3obpannch B TOM,
KaK YCTPO€eHa 3puTenbHasi Kopa rofloBHOro Moara.

B HelipoceTax CBEPTKM nossBuUnNuch B KoHue 1970-x (Neocognitron), NoToM yxe ¢
06yYEeHNEM
B 1980-x B
rpynne AHa
JlekyHa
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CBepTOYHble HENPOHHbIE CEeTH

e [naBHasa npesa — NMPUMEHATDbL OAHU U TE XKE npeo6pa3OBava K pa3HbIM HaCTAM KapTUHKUA

e Pa306bEéM n3obpaxeHne Ha OKHa:

i W Mv“‘l‘c i ‘ s#; fﬁ .
T T e
Sl A e e

e . & i cmlm_.'
W Cf ram iy 0y
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CBepTOYHble HENPOHHbIE CEeTH

e [naBHasa npesa — NMPUMEHATDbL OAHU U TE XKE npeo6pa3OBaH|/|ﬂ K pa3HbIM HaCTAM KapTUHKUA

e [1pUMEHNM K KaXXA0MY KYCOYKY MasieHbKY0 HEMPOCETD:

Input Tiles  Small Neural Net Output Array
(Shared Weights)

Input Tile Essing a single tile Outputs Q :@0:“ fom o 5;\
) XQ’ %’/:'9 e AR
B INAGX YOS v
SMALL ,ﬂf‘ﬁ\"0g’:"$$/@v’\6@+ ‘\\\ \\\\
> NEURAL - > KSR X0 AN
NETWORK v@%«z“‘& \“@ Do
¢ S\
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CBepTOYHble HENPOHHbIE CEeTH

e [naBHasa npesa — NMPUMEHATDbL OAHU U TE XKE npeo6pa3OBava K pa3HbIM HaCTAM KapTUHKUA

e CoXXMEM npu nomMolum cybanckpetusauum (max-pooling), noBTopuM npolecc, Korga
reoOMeTpust COXXMETCS COBCEM, MOTYYUM r/106aNbHble NPU3HaKN

e FEwe B 1980-x noasunocb cemenctBo LeNet, panee Be3ae

Input Image Convolution Max Pooling Fully- connected Outputs
Neural Network

P

'\
_N leellhood ‘

\
¢¢0‘:‘— — ‘*\\

4 \ ’ O h! ,.
o2 HV\L A0 L1 ‘ \
‘3 A SRS 2 _—
'G "9@ ‘\\\\ HERRE ‘-.‘»Mf\.«)\/\»/)\x)\) \
V""O *" é \ \ \ \ \\ SAY ‘.:\J» VJ;/\_,V“\_,‘J\ :.z l( leellhood |
0“’ NN == ' A \ is nothf
”‘ \\\\\ _>.\\ matc '
—~ __




& CS Space
Kny6 TexHONOorni n Haykmn

PeKyppeHTHble HEMPOHHbIE CETU

e Toxe nges n3 1980-x: YTO6bI Ha (o)
BXOZle/BbIXOfle Gbl/la 10C/1e40BaTeIbHOCTb, i
HY>KHO XPaHUTb CKPbITOE COCTOSIHME,

KOTOpoe 06HOBNSAETCS NO Mepe ©) (%) () ()
YTEeHWUs/3anucu nocneaoBaTelbHOCTY

Forget gate he

Inputgate  Output gate Reset gate Update gate
RNN LSTM GRU
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ABTOKOAMPOBLUUKU N encoder-decoder apxnuTekTypbl

e [lpyrow npumep naeu — apxutekTypbl encoder-decoder (KoAMPOBLLNK-AEKOANPOBLLUK);
eC/in Ha BXOAEe M BbIXOAe OfIHO M TO Xe, To autoencoder (aBTOKOANPOBLLMK)

Input Output
-~ -
" T — _—x 4=
— \\ / -\ \\7—» Code 4—(// ) // —
I //_\ /_\\\\ ////_\ /_\\ ;oL
| /[ . S AN / / .\ ||
\ A V4 \ \ /
Encoder Decoder — ] )/ o A B >< >< ul >( ]
Hidden state | A | ;N 7N /N N\ \
network network ;o\ % / J 'y
| \ (- -/ ~ \ = \ - .
— (W / \[ |~ SO/ \
\ / ~ ~ \ /
o/ \[ |/ S TR A/ \\ |
/ L - T~ . -
— | y3 - p— —
I R o ~~ 0
& J N p
Encoder
Pooling Indices Output
_ Encoder «E» Decoder
RGB Image Segmentation Input Code Output




We saw: encoder compresses

MexaHWU3Mbl BHUMaAHUA

bonee ceexas ngeqa: MexaHM3mbl

BHUMaAHUA, NOABUJTNCb OJ1A

pekyppeHTHbIx encoder-decoder

apxuTekTyp okosno 2014-2015

BHMMaHMe HY>XXHO, YTObbl HE HYXXHO

6b1N10 CXXMMATb BECb BXOA4
B OAWH ManleHbKUM BEKTOP

I saw a cat ...

thesourcemtoaSimglevector\ T T T T T

Encoder —

Initial RNN

state

zero vector)

Attention output: weighted sum of

Vector representation

of the source - useit
as initial decoder StateW

(e.g.,

~——> 4 BuAen KOTHO Ha Mare <eos>
“T"“saw” “cat” “on" “mat"

Encoder RNN

encoder states with attention weights

Attention weights: distribution

over source tokens

Decoder

[co0o0]

!

rtt \
4 Buaen KOTHO Ha Mate <eos>

(N

<bos> I saw a cat

"I" "saw" “cat” “on” "mat"

Problem: this is a bottleneck!

Attention

(ccoo}

Encoder state
for tokenk: s

score(hyg, Si)
o

scalarT out

for target step t?
Attention 2 P
function

How relevant is
source token k

Decoder state
atstept: h;

I saw a cat on mat<eos> <—

[cooo0)—
(c0o00)—
(cooo)— ©
(coo0)—
(coco)—>

[0000] 0000 ])—
T
0000 0000])—

[eYeXeYe]

[eXeXeXel

[coool

[cooo}

[co00]

[eXeXeXe]
A

<bos> I saw a cat on a mat

Decoder RNN
A model can learn to “pay
5 attention” to the most relevant

source tokens for each step

— — ~— — P
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4 BuAen KOTHO Ha mare <eos <bos> I saw a -
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Encoder
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PeBontoyns TpaHchopmMmepoB

e TpaHchopmep — 3TO TOXKe MOJEeNIb Ha OCHOBE
MexaHn3Ma BHUMaHWs, HO Apyroro!

e [lepBbIit TpaHcdhopmep (Vaswani et al., 2017)
nmern | )
encoder_ F J\I am a Studcm‘;
decoder t

~ )
apXUTeKTypy

ENCODERS » DECODERS

N\
J

=



https://arxiv.org/abs/1706.03762

TpaHchopmep

e Knaccunyeckuu
TpaHchopmep —
apxuTekTypa Tuna
encoder-decoder

e (06eyvacTtu
COCTOSAT U3
MOXOXXUX CJIOEB,
pasnuyaroLmxcs
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TpaHchopmep EEEER
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Self-attention

( i | | | i \ Layer:175 % | Attention: | Ip&:t-lnput 5‘
. Layer normalization -
e lpes self-attention ) ) S S The_ The_
e e Ve animal_ nimal_
COCTOWT B TOM, YTOGb| e | [er | [er ) [re ] [Fe ] aion_ ain
Ha KaXX[10M CJoe — t 1 1 i
BeKTO p bl, 'a; {2'1 ‘ 2 I | ‘ ‘ z'L cross_ cross_
© () = =) = _—) the_ the_
COOTBETCTBYHOLLUNE 5 1 [ [ S strest_
§ Layer normalization - because_ because_
TOKEeHaM, & 03 03 ) 3} 03 it_ it_
npeobpasoBbiBaTh B R ‘ ’ R was_ ey
Apyrue BeKTopbl Tak, T TR 9T % — o
4TOObI KaXX[bl TOKEH L Self-attention layer J sl o
Mor “CMOTpeTb Ha” L S S )

BCe OCTalJlbHblE C
pa3HbIMKX BECaMU




Results Results
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obLlee NPOCTPAHCTBO, rae
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cKansipHble £
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TpaHchopmep
—> z,, Z, l_ «;“
[{} n ‘)\/\ﬂ

e OTO OAHa ‘ronosa z, Zs oz x | WO = 7

BHUMaHuA (attention head); et

B KaYX[JOM CJ10€ X 1 |

HECKOJ1bKO, pesy/ibTaThbl j l\ L Y i i l

co6umpatoTcs eLé ofHOM I 221 2] . 7 2w v . 2

maTpuLieit Becos WO + t ¢t + t ¢t RS S
e B pekoanposLimke BCE TO ‘w°1 {w'ﬂ {ww ‘woz} ok, [sz {WQH wKHJ {W VHJ

»Xe camoe, HoO Q n3
3anpocoB,aKnV - us Head 1 Head 2 Head H

pesynbTaTa KOAMPOBLIMKA \ \ /

B . X Layer
! N - B input
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TpaHchopmep
Binary numbers Positional encodings
e ELLE OOUH TPIOK — 0000 1000 ;j“
MO3ULMOHHbIE BIIOYKEHUS 0001 1001
. I b dd 0010 1010 E 0.25
(positional embeddings) 0011 1011
e OHW 06bIYHO HAMOMUHAKOT 0100 1100 & -025
—0.50
MO3ULIMOHHYIO CUCTEMY 0101 1101 o7
. 0110 1110 .
CUUCEHUS, HO NayT “6onee 0111 1111 om0 @ W @ W
mbedding

HernpepbIBHO'; Harnpumep,

5 pos _ B pos
PE (pos, 2i) = sin (—100002i/d> , PE(pos,2i+ 1) = cos (—100002i/d)

YacTo ncnonbaytoT rotary embeddings (RoPE; Su et al.
2021), rae KOMMNOHEHTblI BEKTOPa NoBoOpaYmnBatoT Ha mo



https://arxiv.org/abs/2104.09864
https://arxiv.org/abs/2104.09864
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PeBonrouunsa TpaHcpopmMepoB

> Zy 25 I_ r\;'ﬂ_
Nnes self-attention R
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KaK nyylume Mmoaenu, R N N FER N R
obyyasicb B 100 pa3s
6b|CTpee ‘WQ1 [WK1 [WV1 ‘qu WK | WY, {‘NQH WKH} WVH}

Ho He 3To OKasanoch Head 1 Head 2 Head H

rNaBHbIM... T~ \ /
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. X2 X input
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BERT n GPT

® OKa3aJ'IOCb, 4TO lovely temperate shake
OYeHb MOJNE3HO } ! }
pa3pesaTb Classification head Classification head
TpaHchopmep Ha T I 1 T T 1 1 T T T
ABe 4acTu 1 obyyaTb BERT GPT
1 UCMONBb30BAaTh NX (Transformer encoder) (Transformer decoder)

Mo OTAEJIbHOCTHU 1 I 1 I 11 1 I 1 I

Thou art more <MSK> and more <MSK> Rough winds do
e BERT - aT10 encoder,

GPT - a1o decoder
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Kak YCTPOEHDbI A3blKOBbI€ MO EJIN ’('i‘)
e Cepusa mogenen [ [
GPT (generative D D D D D Glsstier
pretrained :
transformer) — 970 (" tentionooks #2- ) o
NEKOAUPOBLUNK OT /" attention block #1
TpaHchopmepa, ( Feed forward tayer
KOTOpPbIN KaK pa3 u | SelfAenton
npeackasbiBaeT —_— e
TOKEHbI i
e Encoder-decoder Sl e At ke (i )
attention Tam yxe | (heartorer

HET, MOTOMY YTO HeT D D ﬁ D D ——
KOAMPOBLLIMKA 0 ] D v
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BERT n GPT
lovely shake

e Okasanocb, 4to ! !

KOANPOBLUUK U ificat assification head

NEKOANPOBLLMK I

MOTYT 6bITb

GPT
OH€Hb e ransformer decoder)

MoJie3Hbl U

I 1]

Rough winds do
e modeling (b) GPT: language modeling

ceMencTBa
BERT n GPT




CS Spcace

Kny6 TexXHONornim n Haykm

Haw nnaH

e Kyna npuwinu A3blKoBble MOZENN ceryac

e Kak goobyyatb 60nbLUME A3bIKOBbIE
mopaenu (fine-tuning)

e Kak yBennuntb OJIMHY KOHTEKCTa
e Kak pacwmputb Mmofenb nomckom (RAG)

e Kak HayuynTb Mogenb aymMaTb (reasoning)

o [lpumep apyroun ngen: cetn KonmoropoBa-
ApHonbpa (optional)




3. MacwTtabupoBaHue n nporpecc

e, e

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
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OT GPT K ChatGPT

Step 1 Step 2 Step 3
Ch _tG PT Collect demonstration data, Collect comparison data, Optimize a policy against
® a and train a supervised policy. and train a reward model. the reward model using
HauyuMHaeTCcqd C reinforcement learning.
G PT‘3, KOTOpaFI A promptis A prompt and A new prompt ™
sampled from our i thn o several model E bl oo is sampled from Writo:a story
yLI l/ITCﬂ Ton b KO prompt dataset. landing to a 6 year old outputs are landing to a 6 year old the dataset. about frogs
sampled.
npeackasbiBaTb ' F o o A Y
TO Ke H bl A labeler il e The p0|ICV PPO
0. _9
demonstrates the @ . 9 1. IQ § generates e AW -
desired output atelitoof. tha moon. an output. \.\53{/

. Vi \ J
. 3aTeM - behawor. Some people went *
f . i thrmoons Alabeler ranks
Ine tunlng qepe\?’ * the OUtpUtS from @ Once upon a time...
RLHF This data is used best to worst. ;

. to fine-tune GPT-3 /'::7{\ 0-0-0-0 The reward model RVM
(reinforcement i supervised F | caloulates:a o
| H f learning. , ; reward for NS
earni ng rom P4 This data is used B the output LI
EIEIE to train our S5 '
human feed baCk) reward model. a7 The reward is *
0-0-0-0 used to update le -

the policy
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Stable Diffusion n gpyrue

e B TO XXe BpeMs noABnaoTCcA 1 Xopoluune text-to-image mogenu: DALL-E, 3atem
Stable Diffusion, Midjourney, DALL-E 2, notom DALL-E 3, Flux, Imogen...

e PaboTatoT, 0by4asd NopoXxaatoLyro

. =

Mopenb (AN HYSUOHHYIO, HAMPUMEP) ek cetin forma o 8

detailed clothing, digital o o = =
B 1aTEHTHOM MPOCTpPaHCTBe painting, hyperrealistic, —— 7| § 8 9 5
aBTOKOAMPOBLLMKA KapTUHOK stunningly beautiul 2 g S
(VQ-VAE, VQ-GAN), a TekcTbl Tyaa :
oTObparkaeT
TpaHchopmep = 4J

3 a g G <+—

e He 6ynem 38 a2

W g 8 le—,. . [a— <

yrny6m=|TbCF|... § © ® | pe (xolx1) Po (Xn—2|Xn-1)| | Do (Xn—1/%n)2
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G PT_ 4 User What is unusual about this image?

GPT-4 6bina 3asBNeHa Kak
MynbTUMOAasIbHas MOAEesb,
OHa MOXXeT obpabaTbiBaTb
KapTUHKWU

O6bsiBneHa OpenAl 14
mMapTta 2023 1., B TOT Xe
AeHb, korga Antropic
06bsBun Claude, a Google  GFT  The tnual ine shou s imase st manis rning clotheson n roning
caenasn npeseHTauunto o

BCTpauBaHuu LLM B cBOM
WHCTPYMEHTDI

Source: https://wuw.barnorama.com/wp-content/uploads/2016/12/03-Confusing-Pictures. jpg
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GPT-4

e Bo3MoxHocTu GPT-4 cpasy e 6bl/IM HEMIOXO U3YYEHbI, U OHU NopaXkanu

e “Sparks of Artificial General Intelligence: Early experiments with GPT-4"

Prompt: Can you write a proof that there are infinitely Prompt: Draw a unicorn in TiKZ.
many primes, with every line that rhymes?

GPT-4: GPT-4: [Produces ITEX compiling to

Yes, I think I can, following picture.]

Though it might take a clever plan.

I’11 start by noting Euclid’s proof,

Which shows that primes aren’t just aloof.

Assume we have a finite list, \
0f primes, and that none have been missed.

Multiply them all together,

And add one, just to be clever.

The result will be a number,

That has no prime factors, oh wonder!

But every number has a prime,

That divides it, it’s just a matter of time.

So we’ve found a contradiction, | [ ]
And our finite list needs eviction.

There must be infinitely many primes,

And that’s the end of my rhyming lines.s



https://arxiv.org/abs/2303.12712
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GPT-4

e BoamoxxHocTu GPT-4 cg nopa)xanwu

GPT-4"

Prompt: Can you write a
many primes, with every lin

GPT-4:

Yes, I think I can,
Though it might take a clever pla
I’11 start by noting Euclid’s prod
Which shows that primes aren’t jus?
Assume we have a finite list,

0f primes, and that none have been m
Multiply them all together,

And add one, just to be clever.

The result will be a number,

That has no prime factors, oh wonder!
But every number has a prime,

That divides it, it’s just a matter of ti
So we’ve found a contradiction,

And our finite list needs eviction.

There must be infinitely many primes,

And that’s the end of my rhyming lines.s



https://arxiv.org/abs/2303.12712
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GPT-4

e BosmoxHoctu GPT-4 nopaxanu

[

e “Sparks of 4

Prompt: Can you write a
many primes, with every li

GPT-4:

Yes, I think I can,
Though it might take a clever pla
I’11 start by noting Euclid’s proc
Which shows that primes aren’t jus
Assume we have a finite list,

0f primes, and that none have been
Multiply them all together,

And add one, just to be clever.
The result will be a number,

That has no prime factors, oh wonder!
But every number has a prime,

That divides it, it’s just a matter of t
So we’ve found a contradiction,

And our finite list needs eviction.
There must be infinitely many primes, =
And that’s the end of my rhyming lines.s


https://arxiv.org/abs/2303.12712

CemenctBo o1: scaling laws

e B ceHTabpe 2024 OpenAl BbINYCTUT CEMENCTBO
mMozenen o1; cHavyana ol-preview (OpenAl, September

12, 2024), ceivyac ectb o1-mini, 0o1-pro, 03-mini[-high]...

e 3aKOHbl MacluTabupoBaHus ML-moaenen BbINONHAKOTCS

Ha yamBneHue TouHo (Kaplan et al., 2020)

Larger models require fewer samples
to reach the same performance

Test Loss 10

The optimal model size grows smoothly

with the loss target and compute budget

AN

10¢ 106 103

Compute (PF-days)

107 100
Tokens Processed

100

Transformers asymptotically outperform LSTMs
due to improved use of long contexts

TestLoss 5.4
4.8
42 /. LSTMs
3.6
1 Layer
2 Layers
3.0 Transformers 4 Layers
2.4

105 108 107
Parameters (non-embedding)

Loss vs Model Size and Training Steps
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N .
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..
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i L T o e o
4.0 e Params
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training stops far S ' R S o 8M
short of convergence L .. o 3M
.0 S e 25M
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Tokens in Dataset


https://openai.com/index/learning-to-reason-with-llms/
https://openai.com/index/learning-to-reason-with-llms/
https://arxiv.org/abs/2001.08361

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

~
e
s
7’
P
p
//
! Algorithmic P: g
Chatbot to Agent | EOL WIC LOBEESS
i Unhobbling
’/
I
I
I
pr —
/,’ /”
- -
/” //’
- '
Raw to Chatbot /,” ”,"’ Algorithmic Progress:
£ ,’/ Efficiencies
-
///
///
// ’/’1
/’/
r’"’
f"
—”/
Physical Compute
Scaling
2019 2020 2021 2022 2023 2024 2025 2026 2027

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



CemMmenctBo moaenem 01 .

A cemencTBo 01 OTKpbIBaeT
(haKTNYeCKn HOBbI CNoCco6
MacliTabupoBaTb MOAENM,
KOTOPOro paHblUe He 6bIS10

Reasoning models (o1,
DeepSeek-R1, Gemini 2.0,
Claude 3.7 Thinking) moryT
“‘06aymMbiBaTbh’ 3aflaHHbIN
BOMPOC M MacluTabupoBaTbCs C
test-time compute

pass@1 accuracy

80 A
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40 A

20 -

100 -
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8 &
.

o
I

o1 AIME accuracy
during training

100 -

80 A

60 -

pass@1 accuracy
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o1 AIME accuracy
at test time

(o))
o
L

train-time compute (log scale)

Competition Math
(AIME 2024)

percentile

13.4

gpt4o ol ol
preview

Competition Code
(Codeforces)

89.0

1.0

gptdo ol ol
preview

test-time compute (log scale)

PhD-Level Science Questions
(GPQA Diamond)
100 -

78.3 78.0

o}
o
L
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D
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5

N
o
L

o
I

gptdo ol ol
preview

expert
human



9TO NpMBOAUT K 6OJbLLOMY
CKayKy B KayecTBe Be3e,
roe Hy>XHa /1ormka, BblBogpbl,
nocnegoBartesibHble
paccy>XaeHus...

GPQA Diamond (Rein et al.,
2023), HanpuMep, 3TO He
LUKOJIbHbIV 9K3aMeH, a Kyaa
6onee NHTepecHble
BOMPOCHI

N aTto Ha ocHoBe GPT-4, a
MOXHO 6yaeT NoACTaBUTb U
GPT-5, korga oHa nossBUTCA

CS Spcace

Kny6 TexXHONornim n Haykm

CemMmenctso moaeneun ol

Molecular Biology

A scientist studies the stress response of barley to increased temperatures and finds a protein which contributes to heat
tolerance through the stabilisation of cell membrane. The scientist is very happy and wants to create a heat-tolerant cultivar
of diploid wheat. Using databases, they find a heat tolerance protein homologue and start analysing its accumulation under
heat stress. Soon enough, the scientist discovers this protein is not synthesised in the wheat cultivar they study. There are
many possible reasons for such behaviour, including:

A) A miRNA targets the protein, which makes exonucleases cut it immediately after the end of translation and before
processing in ER

B) Trimethylation of lysine of H3 histone in position 27 at the promoter of the gene encoding the target protein

C) A stop-codon occurs in the 5’-UTR region of the gene encoding the target protein

D) The proteolysis process disrupts a quaternary structure of the protein, preserving only a tertiary structure

Astrophysics

Astronomers are studying a star with a Teff of approximately 6000 K. They are interested in spectroscopically determining
the surface gravity of the star using spectral lines (EW < 100 mA) of two chemical elements, Ell and EI2. Given the
atmospheric temperature of the star, Ell is mostly in the neutral phase, while EI2 is mostly ionized. Which lines are the
most sensitive to surface gravity for the astronomers to consider?

A) EI2 I (neutral)

B) El1 II (singly ionized)

C) EI2 II (singly ionized)

D) Ell I (neutral)

Quantum Mechanics

Suppose we have a depolarizing channel operation given by E (p). The probability, p, of the depolarization state represents
the strength of the noise. If the Kraus operators of the given state are Ag = ,/l - %{3, A = \/gx, A = \/EY, and

Az = \/gz. What could be the correct Kraus Representation of the state E(p)?
AE@p)=(-pp+ %XPZX*' ’;—’PYpY2+ ’%IZJPZZ

BYE(p)=(1-p)p+ 5Xp X+B?Yp Y-I;§Zp Z:

O E(p)=( —p)p2+ 4§sz+ 4YpY;r TZpZ ,

D)E(p)=(1-p)p~+ 13—Xp X+ gYp Y+ 1332p zZ



https://arxiv.org/abs/2311.12022
https://arxiv.org/abs/2311.12022

Situational Awareness vs o1-preview

OOMs

2019
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9TO HOBas KpMBasi MacLUTabMpoBaHUS UM YaCTb anrOPUTMUYECKOTO
nporpecca? HaBepHoe, 3TO He

Decomposing drivers of progress

pe
’/’ ’/,‘
/’ /,
P2 -
pr <
pr- —
Raw to Chatbot pr ,/’
< P
-
/,’,
”~
/,’
- o=
-
—"’
——’
————
————
-
2020 2021 2022 2023 2024 2025 2026 2027
Rough illustration.

SITUATIONAL AWARENESS | Leopold Aschenbrenner

Algorithmic Progress:
Unhobbling

Algorithmic Progress:

Efficiencies

Physical Compute
Scaling

pass@1 accuracy

100 -

80 A

60 -

40 -

20 A

TaK Y>XX Ba>XXHO

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)



CS Spcace

Kny6 TexXHONornim n Haykm

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
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[TpepocTepexeHne o beHYMapKax

e HoBble Mogenu (0co6eHHO ManieHbKue) 6biBatoT
XOPOLLW B TECTax, HO He B peasibHoi paboTe
(QwQ-32B, 6 mapTa 2025)

= QwQ-32B mmm DeepSeek-R1-671B OpenAl-o1-mini DeepSeek-R1-Disfill-Llama-70B DeepSeek-R 1-Distill- Qwen-32B
100
83.95, 848
80 79.579.8 79.3
726 73.1
700 716 725
659 -
3.6 :
& 63.4 603 628
60 591
B8z 579
- 546 5355
I 493
40
20
0

AIME24 LiveCodeBench LiveBench IFEval BFCL
(24.08-25.02)



https://qwenlm.github.io/blog/qwq-32b/
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[TpepocTepexeHne o beHYMapKax

e Hanpumep, Chatbot Arena — aTo KpyTas nges, oo
CUX MOP YTO-TO NOKa3bIBAET, HO HACbILLAETCS, N He
daKT YTO NonesHa Ans peanbHOro Bblbopa

Rankx (UB) 4+ Rank (StyleCtrl) 4+ Model 4+ Arena Score
1 2 Grok:-3:Preview:02:24 1407
1 1 GPT:-4.5:Pzreview 1404
3 6 Gemini-2.0-Flash-Thinking-Exp-01-21 1384
3 3 Gemini-2.0-Pro-Exp-02-05 1380
3 2 ChatGPT-40-latest. (2025-01-29) 1375
6 4 1361
6 10 1355
6 3 1353
9 10 1339
9 10 1338
9 b 1335
9 10 1328



https://lmarena.ai/
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He Tonbko OpenAl

e EcTbu gpyrue xopowue LLM L L a MA
e by (00 Meta

&' deepseeck

MISTRAL
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He Tonbko OpenAl

e |/ OHM OYeHb BLICTPO CTann “paccyxgarommmn”

(AN




Target

Structure-based Identification

N He Tonbko LLM

AlphaFold2
Applications

e AlphaFold ot DeepMind yxe
cenyac MOXKET NMPoOn3BECTH y

o Pathology
Other Applications

p e B On I-O L'l M I-O B M eﬂ M L', M H e (e.g. protein-protein & Protein

\ Structure
interactions, evolutionary
biology. etc)

e AlphaFold 3 (Google, May 2024) |

(a) Protein therapeutics (b) Anti-CRISPR proteins

— R Biologics

/ >
Target: Class | ‘ Target: Class Il
Acr 1B, IC, ID, IE, IF . Acr 1A, lIC

Acr B Acr VA
Immunogenic Functional Inhibitory Acr VIA, VIB

Vaccine Novel, Replace, Augment Interfere / ‘ \

Direct Target Indirect

: 2k % interference modification interference
: % é\‘ﬁ % DNA/RNA Acetylation cAs, crRNA
i x p binding, cleavage degradation
) i et
N @ g g inhibition '

A vee, O

eg. capsid eg. hormone eg.mAb eg. fusion protein
HPV vaccine: Insulin: Trastuzumab: Abatacept:
infection diabetes breast cancer  rheumatoid arthritis



https://blog.google/technology/ai/google-deepmind-isomorphic-alphafold-3-ai-model/
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haFold n DeepMind B uenom

.CTaTl/I, 06 Alp

PRESS RELEASE

\ 9 October 2024
The Nobel Prize in Chemistry 2024

The Royal Swedish Academy of Sciences has decided to award the Nobel Prize in Chemistry 2024

with one half to and the other half jointly to
David Baker Demis Hassabis John M. Jumper
University of Washington, Seattle, WA, USA Google DeepMind, London, UK Google DeepMind, London, UK

“for computational protein design” “for protein structure prediction” .
DeepMind

They cracked the code for proteins” amazing structures



4. [lpuMepbl BO3MOXXHOCTEN

1 He 3Hato, 0 Yero JOCTUMHEM Mbl; FOBOPAT, YTO
Ka)Zbl BEK UMEET CBOE0HPasHyto nNoasuto. U,
_ AEeNCTBUTENbHO, MyApPEeHO oTAeNnaTbcs OT

\) 4_({, e | MPUHATbIX, YHacNe40BaHHbIX NMPUBbIYEK,

N HanpaBJ/IeEHNIN, MaHepbl BblpaXaTbcsi. Ho BCE xe

o % SUENED 40 TOYKM 3PEHWSA JaBHO CTasI MEHATHCS, @ C HUMM U
-t BrevyaT/ieHMe OKPY)KatoLLEero Mmpa ctaso nHade
| 5\-/ " OTpakaTbCs B MOHMMaHUW.

a
X A

4

"l j’.'

' !y ‘/ > Hwukonav Orapés. C yTpa 4O HOYM



LLM ana mateMaTuku

PaboTa maTeMaTuKa — 3TO
WHTEpPECHbIN cnydaun, KOTOpPbIN
Bcerga ocrtaBasica o1 MeHs
3aragkou

B MmatemMaTnyeckon sioruke
AaBHO pa3BMBalOTCA MeToAbl
aBTOMAaTUYeCKoro
JoKa3aTeNnbCTBa Voo 16 -
TeopeM, HO OHU
TakK HU K Yemy
BblAatoLlemMycs
N He NPpUBENMU...
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]No

Problem Generating Can you make | YeS! | verify the
setting proof ideas  the proof work? . proof

PRINCIPIA %56443. F:o,Bel.dD:anB=A.=.avBe2

MATHEMATICA D,
TO «56
= F.x5426. D Fna=tz.B=1y.D:avBe2.=.2%y.
Aunsnmn:::w nnnnnnn [*_51‘231] =. L‘.T " L(y= A .
N [¥1812] =.anfB=A 1)

F.(1).#1111:85. D
Fiu(ga,y).a=tw.f=1ty.D:avPBe2.
F.(2). %1154 . %52'1 . D k. Prop

From this proposition it will follow, when arithmetical addition has been
S defined, that 1+1=2.

il

.anfB=A 2)

Home About Coq Get Coqg Documentation Community

The Coq Proof Assistant




LLM pna mMmatemMaTuku

e Ho ycnex, kaxkeTcs,
NPUAET CO CTOPOHDI
LLM, KoTopble
HU4yero dopmManbHoO
BbIBOAUTb B
cucremax
AOKa3aTeNbCTB He
yMetoT (KaK U
YXUBble MaTeMaTUKW,
BMPOYEM)...

e Minerva (Lewkowycz
et al., 2022)
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Question: Assume that the variance of the
first n natural numbers is 10, and the vari-
ance of the first m even natural numbers is 16.
Compute m + n.

Model output: Let o2 be the variance of the
first m even natural numbers, and 72 be the
variance of the first n natural numbers. Then,

o 5
we have 72 = i 1 and 0? = mTl We
solve the system of equations:

2
n°—1
=10
12

m
3
This translates into the system

= 16.

n? =121
m?2 = 48 + 1 = 49.

andm = ,so

Therefore, n =

n+m=.

Question: For every a, b, b # a prove that

o - <a—+—b>2.
2 2

Model output:

S ey

S a2+b2 a2+b2+2ab
2 = 4

2 2 a?+4b2 ab
<> a® + b > etbt2ab
<« 2a% + 2b% > a® + b + 2ab
< a% +b% > 2ab
2 2
<= a“+b°—2ab>0
<= (a—b2>0

which is true, because the square of a real
number is positive.



https://arxiv.org/abs/2206.14858
https://arxiv.org/abs/2206.14858
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LLM pna mMmatemMaTuku

e TORA

Problem: Suppose that the sum of the squares of two complex Let’s use "Sympy " to calculate and print all

. numbers x and yis 7 and the sum of their cubes is 10. List all ible values for x +
(tOO I-l nteg rated possible values for x + y, separated by commas. POSSI ARl , 7'1
. Yo \ [ from sympy import symbols, Eq, solve, simplify‘

reasoning agent; We are given that x2 + || import math

y%2 =7and x3 + y3 = den=olitlon); def possible_values():

10. We can factor x° + o o X, y =symbols('x y’)
GOU et a | .y SeD y3 toget (x + ) (x? — x: symi)f)ls(x ), y =symbols('y") eql =Eq(x**2+y**2, 7)
29,2023 e i A 042 =Eq(x""3 +y"*3, 10
) y)'Ke " X Yy solutions = solve((eq1,eq2), (x, y))
us, we can write _ sums = [simplify(sol[0] + sol[1]) for sol in

,El,efl aJia 10/= Ge koD () it X _ G solutions]

follows that x + y must y = (-1- math.sqrt(17))/ 2 return sums

H divide 10. i i

tOO |'a SSi Sted # Get all possible values for x+y il D e )

The only possibilities result =[x +y, x -y] @ >>>[5-51,1,4,4]
MaTemMaTtTn4yecCkKkune ?"; tshat ’;(‘)" yis x @ >>> SyntaxError: cannot assign tOX Removing duplicates, the possible values for

149 0r 10, J L expression. ) | x + y are \boxed{-5, 1, 4}.

paccyXXaeHus a ,\

0@' | Rationale | C@ | Program Ratonale] (€) Tool-integrated

r Reasoning
. N Format used by ToRA
(a) Rationale-based (b) Program-based @ . Y )


https://arxiv.org/abs/2309.17452
https://arxiv.org/abs/2309.17452

LLM pna mMmatemMaTuku

e C Apyrom CTOPOH®DI,
MalLUWUHHOE 0by4YeHune
MOXET NOMOYb
dhopmMynnpoBaTb
rMnoTesbl

Hanpumep, BOT
paboTta oT DeepMind,
roe ML nomoraert
MCKaTb OTHOLLEHMUS
Mexnay
MaTeMaTU4YeCKMMM
o6bekTamu (Davies
et al., 2021)

|

CS Spcace

Kny6 TexXHONornim n Haykm

Fig. 2: Examples of invariants for three hyperbolic knots.

From: Advancing mathematics by guiding human intuition with Al

z: Knot X(z): Geometric invariants Y(z): Algebraic invariants
Volume Chern-Simons Meridional translation Signature Jones polynomial
@ 2.0209 0 i 0 2ot e 1otef
@ 2.8281 -0.1532 0.7381 + 0.8831i -2 t-P+28 -t +15-18
@ 3.1640 0.1560 -0.7237 + 1.0160i 0 t2-t1+2-2t+ R - +t4

We hypothesized that there was a previously undiscovered relationship between the geometric and algebraic invariants.

Hypothe3|ze
3f: f(X(@2)) =

Generate data Train supervised model Find patterns via attribution

!

[l Mathematician steps
[l Computational steps

|

X@, Y@),.p, fiX@) ~ Y2) Interrogate f
3 \ /
\
N
Ay
\\
S~ Alter sampling . Conijecture candidate 7
Ss.__ distribution -7/
____________ /I
7
~ 7/
\\ ,I
M oy ’/’ "
S Reformulate hypothesis v <

~
.

e

Prove theorem


https://www.nature.com/articles/s41586-021-04086-x
https://www.nature.com/articles/s41586-021-04086-x

CS Spcace

Kny6 TexXHONornim n Haykm

LLM pna mMmatemMaTuku

e Romera-Paredes
et al. (December ' Piolititalbpen
2023): DeepMind’s question...
FunSearch proves
new bounds for

" Perhaps my

Terence Tao

the cap set =
problem TR R AR
o - - - .
N O e FunSearch 9 20 45 112 236 512 rrllian
NS, > el |2
R % L oS Isllo ) )
e p— 7] ® OTo noytun “nepebop cnyyaes’,
g < | | .
N> . 0 HO OYeHb HanpaBfeHHbIiA
| | 3 -
~ & & S || = 1 B BuAe GyHKLMIA



https://www.nature.com/articles/s41586-023-06924-6?error=cookies_not_supported&code=c8d1cf21-a517-4260-99d4-1dfcdcc43680
https://www.nature.com/articles/s41586-023-06924-6?error=cookies_not_supported&code=c8d1cf21-a517-4260-99d4-1dfcdcc43680
https://www.nature.com/articles/s41586-023-06924-6?error=cookies_not_supported&code=c8d1cf21-a517-4260-99d4-1dfcdcc43680
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LLM pna mMmatemMaTuku

e Gemini1.5Pro  Problem:

( G ini T What is the minimum value of 5x? + 5y? — 8xy when x and y range over all real numbers such that
emini ieam, lx — 2y| + |y — 2x| = 40?
2024) pewan

oJIMMIMnagHble

Example Math-Specialized Gemini 1.5 Pro output:
Leta = x—2y and b = y—2x. Then, we have |a|+|b| = 40. Also, 5x>+5y?—8xy = (x—2y)%+(y-2x)? =

3afa4vYku eLé a? + b2. Thus, we want to find the minimum value of a® + b? given that |a| + |b| = 40. By the Trivial
Inequality, we have (|a| — 20)? + (|b| — 20)%2 > 0, so a® — 40|a| + 400 + b% — 40|b| + 400 > 0, so

nyque a® + b2 > 40(|a| + |b]) — 800 = 40(40) — 800 = 800. This minimum is achieved when |a| = |b| = 20, so
the minimum value of 5x% + 5y — 8xy is| 800 |.

e Ho KaxerTcs, Pichiloii:

YTO TYT Let a,b,c be positive integers. Prove that it is impossible to have all of the three numbers
a? +b+c,b?+c+a,c?+a+b to be perfect squares.

[OSIKHbI
"pe|_uaT b Example Math-Specialized Gemini 1.5 Pro output:

. Without loss of generality, assume thata > b > c. Thena®? +b+c < a®+2a <a®>+2a+1 = (a+1)2
reasoning Since a® + b + ¢ is a perfect square, we must have a® + b + ¢ = a?, which implies b + ¢ = 0. This is a

models?.. contradiction since b and c are positive integers. Therefore, it is impossible to have all of the three
numbers a? + b + ¢, b + ¢ + a,c® + a + b to be perfect squares.


https://arxiv.org/abs/2403.05530
https://arxiv.org/abs/2403.05530
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LLM ana mateMaTuku

e be3ycnosHo, Tak n ectb! MATH - Best in Math (MATH) ©
9TO faTaceT C NPUMEPHO TaKNMu

100%

3agadamu ( ):
90%
Problem: The equation 22 + 2z = i has two %
complex solutions. Determine the product of their 5
real parts.
Solution: Complete the square by adding 1 to %
each side. Then (z +1)2 =141 =eT /2,50 "

z+ 1 = +e¥ v/2. The desired product is then o3-mini  DeepSeek R1 DeepSeek V3 of-mini

(~1+cos (§) ¥2) (=1 - cos () ¥2) = 1 -

5 o _ (1+cos( ) & |1-v2
COS (g)\/i—l— V2 = 5 I



https://arxiv.org/abs/2103.03874v2

FrontierMATH

e A BoT FrontierMATH
(Glazer et al., 2024)
— 9TO NoKa COBCEM
Apyroe neno...

e B HEM 3apmauumc
peLueHnaMu, HO
O4YeHb HenpocTble U
OTHOCUTESNIbHO
HOBble

Find the degree 19 polynomial

Problem Solution

Construct a degree 19 polynomial p(z) € C[z] such that X := {p(z) = p(y)} C P* x P! has at least 3 (but not all
linear) irreducible components over C. Choose p(z) to be odd, monic, have real coefficients and linear coefficient -19
and calculate p(19).

Testing Artin’s primitive root conjecture

Problem Solution

For a positive integer n, let vp(n) denote the largest integer v such that p” | n. For a prime pand a # 0 (mod p),
let ord,(a) denote the smallest positive integer osuch that a® =1 (mod p). Forz > 0, let

ord,.(a) = H q”q(ﬂrdp(a)) H q”q(P*I)'
q<z T
g prime g prime
Let S; denote the set of primes p for which
ord, - (2) > ord,.(3),
and let d, denote the density

: lp<t:pesS,|
d; =lim ———
tsoo |p < z : p prime|

of S, in the primes. Let

d = lim d,.

z—00

Compute LlOGdooJ I


https://arxiv.org/abs/2411.04872

FrontierMATH

e A BoT FrontierMATH
(Glazer et al., 2024)
— 9TO NoKa COBCEM
Apyroe geno...

e B HEM 3apmauumc
peLueHnaMu, HO
O4YeHb HenpocTble U
OTHOCUTESNIbHO
HOBble

Find the degree 19 polynomial

Problem Solution

Construct a degree 19 polynomial p(z) € C[z] such that X := {p(z) = p(y)} C P* x P! has at least 3 (but not all
linear) irreducible components over C. Choose p(z) to be odd, monic, have real coefficients and linear coefficient -19
and calculate p(19).

Problem Solution

Answer: 1876572071974094803391179.

Solution: Note that p(z) defines a covering p : ]P’i = IP’}, of degree 19 which at z = oo has monodromy o, a 19-
cycle, which without loss of generality is (1,2,3,...19).

Note that X is just the fibre product of p with p (which in general is a singular curve) and therefore p(z) also
defines a finite map p : X — ]P’i of degree 19? (if we prefer to stick with smooth schemes, we can instead use the
normalisation X of X, and we will freely move between the irreducible components of X and the corresponding
connected components of the smooth X with its covering structure).

The idea then is that any such covering p can be studied using group theory via its monodromy. Specifically,
suppose q¢: X — ]P’i is of degree n and has branch locus B C ]P%.Then if you follow the fibres around each branch
value and see how this permutes the points in the fibres, we get a homomorphism

g :m (P! — B,z) — Im(¢) := G, C S, (defined up to conjugation) and X is irreducible exactly when g is
transitive. Moreover, if X is reducible, then the irreducible components correspond to the Gq—orbits in S,.

Suppose p with branch locus B (including co) is encoded as p : G, C Sy9. Then we can check that p has branch
locus B and is encoded diagonally as p? : G, C 5129. So we are looking for some G, C Syg that has between 3 and
18 orbits in §Z. In particular G, is not doubly transitive on Sig. ..Ml eLlLé CTONbKO XKe Aanblue

Recall a theorem of Burnside (Burnside 1911): for g prime and a permutation group G C S, either G is doubly
transitive or | G| divides g(g— 1).


https://arxiv.org/abs/2411.04872

FrontierMATH

e A BoT FrontierMATH
(Glazer et al., 2024)
— 9TO NoKa COBCEM
Apyroe neno...

e |13pech
pe3ynbTaTtbl LLM
NOKa HEBbICOKU —
HO OHU He paBHbl
Hynto! 3TO
AO0BOJIbHO KPYTO

e Bnpouem...

- .

Al performance on a set of expert-level mathematics problems
FrontierMath-2025-02-28-Private accuracy @
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— o v

-

\

Problem setting ‘

)

No

Genéfating
ideas

' Can you make the

proof work?

Verify the proof,
write it down for
publication

Pattern analysis, formulating
conjectures from Al models

Automatic code writing,
models that evolve specific

hypotheses
Automating cumbersome
case-by-case analysis
Formal verification,
proof assistants

LLMs helping write the text

Advancing mathematics by guiding human
intuition with Al

Nature 600, 70-74 (2021) | Cite this article

TORA: A TOOL-INTEGRATED REASONING AGENT
FOR MATHEMATICAL PROBLEM SOLVING

", Zhibang Shao' 7*, Yeyun Goag’', Yelong Shen’
+ Nan Duan®, Weizhu Chen”

Discovering faster matrix multiplication
algorithms with reinforcement learning

sain Fawzi©, Matej Balog,

Aja Huang, Thomas Hubert, Bernarding Romera-
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A 4TO B ApYyrnx Haykax?

Mathematical discoveries from program
search with large language models

tature 625, £458-475 (2024) Ciu

BULLETIN OF THE
AMERICAN MATHEMATICAL SOCIETY
‘olume 52, Number 5, September 1976

RESEARCH ANNOUNCEMENTS

EVERY PLANAR MAP IS FOUR COLORABLE'
BY K. APFEL AND W. HAKEN

Commusicated by Robert Fossum, July 26, 1976

Community



[MTpumep U3 okTa6ps 2023-ro: poboTmKa

A paHblue
roBopun, l-lT? @ Environment Code
C POGOTMKOM
BCE He TakK

class ShadowHandPenSpin(VecTask):
def compute_observations(self):

self.obj_pose = ...
paﬂy)'KHO self.obj_pos = ...
self.obj_rot = ...
self.obj_linvel =
HO BOT self.obj_angvel =
self.tgt_pose = ...
Eureka (Ma self.tgt_pos =
self.tgt_rot = ...
etal., Oct 19, .
self.fingertip_state = ...
2023) self.fingertip_pos = ...
_ self.compute_full_state()
VI HTe peCHaﬂ def compute_full_state(self):
aBTOMaTu-

3auma RL Task Description

& 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"',

to a target orientation

yepes LLM

To make the shadow hand spin the pen

X057 30017, “3L95%, o]
Please carefully analyze the policy
feedback and provide a new, improved
reward function...

Q

Reward
Candidate
Sampling

E )

Eureka
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def compute_reward(
obj_rot, obj_angvel, ...
)

# Angular velocity penalty
av_norm = torch.norm(obj_angvel)
av_penalty = torch.where(
av_norm > 2.0,
torch.exp(av_norm - 2.0)

26
GPU-
Accelerated RL

Reward
Reflection

Isaac
Gym


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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Pob6oTunka cenyac: Gemini Robotics

e [locnepHAasa HoBOCTb — Gemini
Robotics (March 12, 2025, ——
cTaTbs) |

Physical

e 3TO0 Tak Ha3blBaeMas s — —

vision-language-action (VLA) 4
model Ha ocHoBe Gemini 2.0, B
KOTOPYO pn3ndeckmne
aencTensa gobaBrieHbl Kak
HOBasi MOAasIbHOCTb BbIXOAa

e | ewe Gemini Robotics-ER
(embedded reasoning)


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
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Pob6oTunka cenyac: Gemini Robotics

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
jewelry box. side pocket of the bag. pocket of the lunch bag.

Wrap the wire around the
headphone.

|

noapoobHoCTeN
HeT, B CTaTbe B
OCHOBHOM

pe3ynbTaTbl Robotics specific training Adaptation & specialization
)

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

4 Gemini 20— L L
Gemini Robotics-ER ' 5]  Newembodiments

[} Advanced reasoning

HO
pesynbTaThl
xopoLune

Advanced embodied reasoning for robotics

3D object detection. 2D object detection.
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Pob6oTunka cenyac: Gemini Robotics

e Gemini
Robotics
MOXXEeT
ynpaBsTb
Pa3HbIMU
TUNamMu
pob6oTOB

s Y N -
= - % _ sy I A V
Apollo Aloha2 Bi-arm Franka °
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Pob6oTunka cenyac: Gemini Robotics

Gemini
Robotics-ER
nenaet
XOpOLIU#
spatial
reasoning, aTo
vision-
language
model

»

v
: & — e a— -
o e, ] "' laundry basket gweater C“'".”\\
& -
.
ants

Multi-view Correspondence ‘ 3D Object Detection




Pob6oTunka cenyac: Gemini Robotics
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e CyMMapHO, Hanpumep, MOXeT paccyaaTb o0 peanbHoM mupe (embodied QA)

Question

If the yellow robot gripper follows the yellow
trajectory, what will happen?

A. Robot puts the soda on the wooden steps.

B. Robot moves the soda in front of the wooden
steps.

C. Robot moves the soda to the very top of the
wooden steps.

D. Robot picks up the soda can and moves it up.

Reasoning Trace

Let's analyze the trajectory and the position of the soda
can and the wooden steps.

Step 1: Observe the starting point. The yellow trajectory
starts at the green circle, which is around the soda can.
This indicates the robot gripper is initially positioned to
interact with the can.

Step 2: Analyze the trajectory path. The yellow line
moves upwards from the can, indicating a lifting motion.
Then, it curves towards the wooden steps.

Step 3: Observe the ending point. The trajectory ends at
the purple circle, which is located on the first step of the
wooden structure.

Step 4: Combine the observations. The robot gripper
starts at the can, moves upwards (picking up the can), and
then moves towards the wooden steps, ending on the first
step.

Step 5: Deduce the outcome. Based on the trajectory,
the robot will pick up the soda can and place it on the first
step of the wooden structure.

Final Answer: (A)

Question

How does the bottom dial need to move in
order to match the top two dials?

A. Half turn clockwise.

B. Quarter turn counterclockwise.
C. Quarter turn clockwise.

D. No change needed

Reasoning Trace

Let's analyze the position of the bottom dial
compared to the top two dials.

Step 1: Observe the top two dials. Both the
top and middle dials have their indicator lines
pointing straight up.

Step 2: Observe the bottom dial. The bottom
dial has its indicator line pointing to the left.

Step 3: Determine the necessary movement.
To make the bottom dial's indicator line point
straight up like the other two, it needs to be
rotated to the right.

Step 4: Quantify the movement. A full circle is
360 degrees. A quarter turn is 360/4 = 90
degrees. The bottom dial needs to move 90
degrees to the right.

Step 5: Select the correct option. A 90-degree
rotation to the right is a quarter turn clockwise.

Final Answer: (C)



Humanity’'s Last Exam

e Humanity's Last Exam (Phan et al., 2025) — o4eHb

CNOXHbIN faTaceT C pa3sHoO6pasHbIMM 3afa4amMu
(s Tyaa nogaBan crnoxHble Bonpocbl YK, HO oHK
OKasasiMcb CINLLKOM NPOCTbIMM)

e Bonpocbl He 065s13aTeNbHO Ha PPOHTUPE HAYKK, HO
OHU TOYHO He pewanucb LLM, cywectBoBaBLLINMU

B KOHUe 2024 roga

0 Classics

Question:

SNEU
RARATES: PALIYRENVS: NATIONE -
CATVALLAVINA® AN - XXX

S H RNARY A'LH N, )

Here is a representation of a Roman inscription, originally found
on a tombstone. Provide a translation for the Palmyrene script.
A transliteration of the text is provided: RGYN> BT HRY BR <T?
HBL

00 Ecology

Question:

Hummingbirds within Apodiformes uniquely have a bilaterally
paired oval bone, a sesamoid embedded in the caudolateral
portion of the expanded, cruciate aponeurosis of insertion of m.
depressor caudae. How many paired tendons are supported by
this sesamoid bone? Answer with a number.
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0 Mathematics

Question:
The set of natural transformations between two functors
F,G: C — D can be expressed as the end

Nat(F, G) = /1 Homp(F(4),G(4)).

Define set of natural cotransformations from F' to GG to be the
coend

CoNat(F,G) = /‘A Homp(F(A),G(A)).

Let:

- F = B,(X,),, be the under co-category of the nerve of the
delooping of the symmetric group X4 on 4 letters under the
unique 0-simplex * of B, 2,.

- G = B,(X7)., be the under co-category nerve of the
delooping of the symmetric group X7 on 7 letters under the
unique 0-simplex * of B,X7.

How many natural cotransformations are there between F' and
G?


https://arxiv.org/abs/2501.14249

Accuracy (%)
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H u m a n ity,S La St Exa m Judge Model: 03-mini-2025-01-31 | Last Updated: 02/11/2025

Model Accuracy (%) Calibration Error (%)
o 0 v
e Humanity's Last Exam (Phan et al., 2025) —
. @ GPT-40 31 92.3
O4YeHb C/TOXXHbIN AaTaceT
¥ Grok-2 3.9 90.8
e U gencteutenbHo, LLM cnpaBnatoTtcs ¢
£7 Claude 3.5 Sonnet 48 88.5
HUM MJ10XO...
@ GPT-4.5 Preview 6.4 90.5
Accuracy of LLMs Across Benchmarks
100 4 Gemini Thinking 7:2 90.6
80 o @& DeepSeek-R1* 8.6 81.4
Benchmarks
60 BN | . HLE ® o 8.8 92.8
GPQA
MATH
40 ] - MMLU (%) (C1I;l<.|)de 3.7 Sonnet 8.9 883
20 — —
@ 03-mini (medium)* n1 915
rza % A A
@ GPT-40 @ ol * Sonnet-3.5 * Gemini 1.5 @ 03-mini (high)* 14.0 92.8

Models *Model is not multi-modal, evaluated on text-only subset.


https://arxiv.org/abs/2501.14249
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Humanity’'s Last Exam

e Humanity's Last Exam (Phan et al., 2025) — Model Accuracy (%)
OYeHb CJIOXXHbIN AaTaceT GPT-d0 33
e U pencrtButenbHo, LLM cnpaBnstoTtcs ¢ Grok-2 38
HMM nﬂoxo Claude 3.5 Sonnet 4.3
® ..HO, KaXXeTCs, HaYMHatOT CNpPaBAATbLCS FemintThinking o
nyl_l Lu e OpenAI ol 941
o DeepSeek-R1* 9.4
e A yT0 370 3a deep research Takon?
OpenAl 03-mini (medium)* 10.5
OpenAl 03-mini (high)* 13.0
OpenAl deep research** 26.6

* Model is not multi-modal, evaluated on text-only subset.

**with browsing + python tools


https://arxiv.org/abs/2501.14249
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OpenAl Deep Research

how are hidden markov models used now? please give an overview

o Deep Resea rCh - LLM-based of current applications with references to recent papers (2024-
. 2025); | know their rich history but I'm not sure HMM's are still
areHT, KOTOpb| n MOXXeT relevant
nosivyaca ryriimtb u
KOMMUUIn pOBaTb MHOIO I'll gather an overview of the current applications of Hidden Markov Models (HMMs) in 2024-2025,

focusing on recent papers. Could you specify any particular domains you're most interested in, such as
pa3HbIX NCTOYHUKOB B O4UH o o : .
natural language processing, bioinformatics, finance, or cybersecurity? Or would you like a broad

MOJIHOBECHbIN OTLIéT, 4yacCcToO Ha overview across multiple fields?
pecATKax CTpaHuu, CO
CCblJIKaMN Ha UCTOYHUKH broad overdew please

e [lpumep

February 2,2025 Release

I'll research the current applications of Hidden Markov Models (HMMs) in 2024-2025 across multiple
fields, including natural language processing, bioinformatics, finance, cybersecurity, and more. I'll focus

on recent papers and references to understand how HMMs are being used today and whether they

I nt rOd UCI ng deep resea rCh remain relevant in modern Al and statistical modeling. I'll get back to you with my findings soon.

An agent that uses reasoning to synthesize large amounts of online information and
complete multi-step research tasks for you. Available to Pro users today, Plus and Team next.


https://chatgpt.com/share/67d159ce-884c-8004-a7a1-5b24f80a75e1
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OpenAl Deep Research

Hidden Markov Models in 2024-2025:

e Deep Research — LLM-based -
g Applications and Relevance

areHT, KOTOPbIA MOXeT

nosi4aca ry”-I UTb N Hidden Markov Models (HMMs) remain a versatile tool for sequential data modeling, even as deep

KOMNUNn pOBaTb MHOIO learning dominates many tasks. Below we survey current applications of HMMs across multiple fields
and assess their relevance relative to neural networks and other modern models. Recent studies from

pa3H bIX NCTOYHUKOB B OiD-M H 2024-2025 highlight that HMM s are still actively used — often in hybrid systems or niche problems — due

NMONMHOBECHDI l‘,'1 OTyY éT, yacTo Ha to their probabilistic interpretability and robustness. We provide examples in each domain with key
findings from the latest research.

pecATKax CTpaHuu, CO

CCblJIKaMW Ha NCTOYHUKH NLP Applications of HMMs

( |_|| !VI Mel ) Speech and Language Processing: HMMs were foundational in speech recognition and tagging, and

they continue to appear in specialized NLP tasks. While end-to-end deep learning has largely

February 2,2025 Release
superseded HMMs for mainstream speech recognition, HMM-based methods are still explored in areas
like speech emotion recognition. For example, a 2024 study combined Gaussian Mixture Models

I nt rOd u CI ng d ee p resea rC h (GMMs) and HMMs for speech emotion recognition, leveraging HMMs to model spectral feature

sequences swvore . This approach achieved effective emotion classification from audio, indicating that

..panee nayt 12 ctpaHuy, wpudprtom B 11pt...
complete multi-step research tasks for you. Available to Pro users today, Plus and Team next. Aanee npy CTpaHuy Wwp ¢ o pt

An agent that uses reasoning to synthesize large amounts of online information and


https://chatgpt.com/share/67d159ce-884c-8004-a7a1-5b24f80a75e1
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OpenAl Deep Research

e Deep Research — LLM-based

areHT KOTOpb| I‘/'I MOXKeT * In many real-world systems, an HMM is used under the hood for tracking or alignment, even if a
! neural network does the heavy prediction. This combination leverages the strength of HMMs in

nosnyaca ry Mntb U sequence alignment/segmentation with the representational power of deep networks, as

KOMMUIN pOBaTb MHOTIO evidenced by multiple 2024 hybrid models smvors  aravoss .

pa3H bIX NICTOYHNKOB B Oﬂ.M H In summary, Hidden Markov Models continue to be a vital part of the machine learning landscape in

NOJIHOBECHbIN OTYET, YacTo Ha 2024-2025. They have certainly been overshadowed by deep learning in some arenas, but they retain
unique advantages that ensure their ongoing use. HMMs today are often found working in tandem with

,D.eCHTKaX CTpaH 7 L'., CO deep learning, each compensating for the other’s weaknesses. As long as problems involve sequential

CCbIZIKAMU Ha UCTOYHUKMU data with hidden structure — and require solutions that are transparent and data-efficient - HMMs will

remain relevant. The latest research not only uses HMMs in creative ways across fields, but also actively

improves them, affirming that HMMs are evolving, not fading, in the era of deep learning.

e [lpumep

February 2,2025 Release

References:

e Al-Dujaili Al-Khazraji, M. J., & Ebrahimi-Moghadam, A. (2024). An Innovative Method for Speech

L]
I nt rOd u CI n g d ee p resea rC h Signal Emotion Recognition Based on Spectral Features Using GMM and HMM Techniques. Wireless
Personal Communications, 134(2), 735-753 = Vv &

An agent that uses reasoning to synthesize large amounts of online information and U elwé 13 cebIOK Ha CBEXME CTaTh
complete multi-step research tasks for you. Available to Pro users today, Plus and Team next. L


https://chatgpt.com/share/67d159ce-884c-8004-a7a1-5b24f80a75e1
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OpenAl Deep Research

e Deep Research — LLM-based

areHT KOTOpb”‘;I MOXKeT ¢ In many real-world systems,_z
! neural network does

non4yaca ryraimto n

KoOMNuanpoBaTb MHOTIO

pa3HbIX NCTOYHNKOB B OAWH

MOJIHOBECHbIN OTYET, YacTo L

OeCATKax CTpaHuu, Co

CCblJ1IKaMu Ha NCTOYH

ent, even if a
f HMMs in

5, as

sequence aligs

g landscape in

e arenas, but they retain
¢ften found working in tandem with
> As long as problems involve sequential

ot are transparent and data-efficient - HMMs will
#Ses HMMs in creative ways across fields, but also actively
afe evolving, not fading, in the era of deep learning.

e [Ipumep

February 2,2025 Release

Introducing deep resez

An agent that uses reasoning to synthesize large amounts of online information and

f1-Khazraji, M. J., & Ebrahimi-Moghadam, A. (2024). An Innovative Method for Speech
al Emotion Recognition Based on Spectral Features Using GMM and HMM Techniques. Wireless
Personal Communications, 134(2), 735-753 = Vv 45

~newge 1 bIJIOK Ha CBEXXUe cTaTbu
complete multi-step research tasks for you. Available to Pro users today, Plus and Team next. ewe 3cc o acee ecra


https://chatgpt.com/share/67d159ce-884c-8004-a7a1-5b24f80a75e1
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e Jltoam paBHO nNpobytoT — AutoSurvey (Wang et al., June 2024) yye 6bIs1 HENJIOX
Survey Topic(T)
Stage 1 Stage 2
itati i . Initial Retrieval & Outline Generation Subsection Drafting ~ _______
Base LLM writer Citation Quallty : " N g %

Recall Precision { retrieved publications 1 :' 1

GPT-4 80.2544.19 78.83:57.00 ; ‘*\; P, E é 0; —= 31 S; E
Claude-haiku 82454977  76.3142.18 5 ’Q - - —_— 0 Il: f?: . N S ———
Gemini-1.5-pro  78.134539 71.241398 ; ) P £ Y~ 13
H 35.86 80.51 E By fa Bl Generate P Retrieve Draft each section i :
uman 1 . 4 atabase of publications structured outline | relevant publications of the outline Do
R N e eeem = % |
|
; Content Quality Stage 4 Stage 3 :
Base LLM writer P i i jon | ------ O Reinemen . - - - - - o
ase write: Coverage Sinclite  Relevance Avg. y Rigorous Evaluation & Iteration ., Integration & Refinement B
' Select the best survey i i R. S. ‘: :
GPT-4 484051 4461049 4861035 470 | E el . N e -
Claude-haiku =~ 4.6610.47 4.261067 4.861033 4.58 : b, —— ot B COVC8e—— ||| FiyFyl.. Fy . . - S __:
Gemini—l.S—pro 4.8610_33 433:{:0.78 4.9310.25 4.69 E d E, relevance i E R +‘———; —————— ik
[ ) [] .' faithfulness ! ! == =~ _ _ et e 4: =

Human 471 4.43 5 4.70 ; Fy il - R - |

; Evaluate the surveys N Integrate the refined sections /

Survey Fhest


https://arxiv.org/abs/2406.10252v2
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SurveyX e SurveyX (Liang et al., Feb 20, 2025) ewé nyyiue

Level 1 Outline Generation /-\ X Level 2 Outline Draft Generation PART 2: Paper Writing and

2-1
—-—* - \ Refinement

‘ Write a survey on controllable text generation in large language models. "

: - il 1-1 - e — =a) | —
Initial Keywords | Y i 3 :

X v = - _E | Deduplication|

= G - i | —

G i Skl Offline | arXiv - ! |

SRR Speedup | 7 - ‘_¢=: i—

e ‘ e o= P | —

. soean First-round T ' |

Candidate papers —_——.
1-11 ¥ Level 2 Outline Optimization Writing Plan Generation
1-2 |

Tree Searching -9 Survey Draft

<+—— PEY —Draft Generation

= Generation

’- Latex Code 2-11 % Final Survey
Controlled Text Generation with Large Language TEX Generation Paper (PDF) END
_________________ Models: A Survey
7
Topic 2-10
Re-ranking = = e 7 ‘
° ultimodal - i -
1-7 o @ Modeling s
B e o
PO s Y Figws 3 Evnleol A
,,,,,,,, . [ —— 2-9
== : - ol
OO0 | o0 | - = = &=
|y OO0 oo ) 0o 2 L 00 t§ Logic Diagram
Survey Paper Method Paper Benchmark Paper Theory Paper & Table Generation
Y
2-8
PART 1: Paper Retrieval and Attribute o in —pP—
- Pap ey X  Forest <+—— (RAG) Retrieving Reference Papers Again + .
Material Preprocessing Rewrite Draft — |2yl —— a* Draft Refinement



https://arxiv.org/abs/2502.14776

SurveyX

e SurveyX (Liang et al., Feb 20, 2025)
noa6upaeTcsi K YeNoBeYeCKOMY YPOBHIO

naxe Ha 6ase GPT-40

e AuyTto 6yget c ol1-pro, GPT-4.5, a elwé uto
oyaeTt, korga GPT-4.5 coBMmecTuTCS C

Relevance

-

Structure
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—8— Autosurvey(64k)

—8— SurveyX
~®— Human

Coverage

reasoning?.. -
Critical Analysis
. Critical .
Model Coverage Structure Relevance Synthesis i Avg | Recall Precision F1
Analysis

naive RAG 4.40 3.66 4.66 3.82 2.82 3.872 | 68.79 61.97 65.20
AutoSurvey 4.73 4.33 4.86 4.00 3.73 4.331 | 82.25 77.41 79.76
SURVEYX 4.95 4.91 4.94 4.10 4.05 4.590 | 85.23 78.12 81.52
Human 5.00 4.95 5.00 4.44 4.38 4.754 | 86.33 77.78 81.83



https://arxiv.org/abs/2502.14776

SurveyX

e [lpumepbl SurveyX AeNCTBUTENBHO XOPOLUM (XOTb U CO

CTpPaHHbIMK 6aramm)

A Survey

Transformer Models in Natural Language Processing: A Survey of Fundamental Concepts in Computational

Complexity Theory

www.surveyx.cn

Abstract

Transformer models have revolutionized natural language processing (NLP) by
introducing a robust architecture centered around self-attention mechanisms, en-
abling efficient handling of complex syntactic and semantic tasks. This survey
paper provides a comprehensive analysis of transformer models, emphasizing their
transformative impact across diverse NLP applications, including translation, sum-
marization, sentiment analysis, and question answering. The paper highlights the
advantages of transformers over traditional models like recurrent and convolutional
neural networks, particularly in managing long-range dependencies and contextual
relationships. Despite their successes, transformer models face challenges such as
computational complexity, data dependency, and adaptability to new languages and
tasks. The survey explores advancements in model efficiency, such as optimized
architectures and quantum computing principles, and discusses ethical considera-
tions, including bias mitigation and interdisciplinary applications. Additionally, the
integration of transformers with other AI technologies, such as generative diffusion
models and graph neural networks, is examined, showcasing their potential for
enhancing multimodal and domain-specific tasks. The paper concludes by em-
phasizing the ongoing evolution of transformer models, focusing on improving
model robustness, interpretability, and ethical deployment in sensitive domains.

WWWw.surveyx.cn

Abstract

This survey paper provides a comprehensive exploration of fundamental concepts
in computational complexity theory, focusing on key topics such as P vs NP, NP-
completeness, the polynomial hierarchy, space complexity, oracle separation, the
Cook-Levin theorem, time complexity, circuit complexity, and relativization. These
concepts form a structured framework for understanding computational limits and
potential breakthroughs in algorithmic design. The paper highlights the significance
of the P vs NP problem, underscoring its implications for eryptography, optimiza-
tion, and algorithm design. The study of NP-completeness and the Cook-Levin
theorem emphasizes the classification of inherently difficult problems. The polyno-
mial hierarchy extends the P vs NP question into multiple levels, offering insights
into the complexity of decision problems. Space complexity is examined in both
classical and quantum contexts, revealing the potential for quantum algorithms to
achieve significant space savings. Oracle separation and relativization are explored
as tools for understanding complexity class separations, although their limitations
necessitate the development of non-relativizing techniques. Circuit complexity
provides insights into resource measurement, with innovative approaches such as
thermodynamic perspectives and hybrid circuits offering new methodologies for
analyzing computational efficiency. The survey concludes by emphasizing the
interconnectedness of these concepts and the ongoing challenges in computational
complexity theory, highlighting the need for continued exploration of new method-
ologies and theoretical frameworks to advance our understanding of computational
limits and algorithmic design.
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SurveyX

e [lpumepsbl SurveyX AeUCTBUTENbHO XOPOLUM (XL
CTpPaHHbIMK 6aramm)

Transformer Models in Natural Language Processing: A

A Survey \ ’5

' NY.
o® a°. o 1
L GO

Abstract,

S NP, NP-
Transformer models have revolutionized natt separation, the
introducing a robust architecture centered arot
abling efficient handling of complex syntactic
paper provides a comprehensive analysis of transfd
transformative impact across diverse NLP applicatid
marization, sentiment analysis, and question answe:
advantages of transformers over traditional models like
neural networks, particularly in managing long-range dej
relationships. Despite their successes, transformer mode!
computational complexity, data dependency, and adaptabilif
tasks. The survey explores advancements in model efficient
architectures and quantum computing principles, and discus:
tions, including bias mitigation and interdisciplinary applicatio:
integration of transformers with other AI technologies, such as g¢
models and graph neural networks, is examined, showcasing thi
enhancing multimodal and domain-specific tasks. The paper con®
phasizing the ongoing evolution of transformer models, focusing on Tpre?Thg
model robustness, interpretability, and ethical deployment in sensitive domains.

@ relativization. These

‘ omputational limits and
Paper highlights the significance
e Plications for cryptography, optimiza-

o #?0f NP-completeness and the Cook-Levin

‘ on of inherently difficult problems. The polyno-

“ Vs NP question into multiple levels, offering insights

dCcision problems. Space complexity is examined in both

Um contexts, revealing the potential for quantum algorithms to

ant space savings. Oracle separation and relativization are explored

'or understanding complexity class separations, although their limitations

Cssitate the development of non-relativizing techniques. Circuit complexity
provides insights into resource measurement, with innovative approaches such as
thermodynamic perspectives and hybrid circuits offering new methodologies for
analyzing computational efficiency. The survey concludes by emphasizing the
interconnectedness of these concepts and the ongoing challenges in computational
complexity theory, highlighting the need for continued exploration of new method-
ologies and theoretical frameworks to advance our understanding of computational
limits and algorithmic design.



http://www.surveyx.cn/

Google Co-Scientist

e Google Co-Scientist (Gottweis et al., Feb 19,
2025): MynbTHareHTHas cuctemMa ans
MOMOLLIM XXMBbIM YY4EHbIM Ha BCEX YPOBHSAX

e (COCTOUT U3 HECKOJIbKUX areHToB Ha OCHOBE
Gemini 2.0: Generation, Reflection, Ranking,
Evolution, Proximity, Meta-review

e B LenoM CTpyKTypa BbIrNSANUT abCoOMOTHO
eCTeCTBEHHO, Nof06Hble paboThbl YXKe 6bINK



https://research.google/blog/accelerating-scientific-breakthroughs-with-an-ai-co-scientist/
https://research.google/blog/accelerating-scientific-breakthroughs-with-an-ai-co-scientist/

Google Co-Scientist

Scientist inputs

Research goal

Scientist describes a
research goal along with

Scientist -
preferences, experiment
constraints, and other
The scientist interacts attributes.
with the system by
specifying a research Add idea
Review idea

goal in natural language.
They can also suggest
their own ideas and
proposals, provide
feedback and reviews,
and interact via a chat
interface to guide the
co-scientist system.

‘\;

Discuss research

Research proposals and
overview

Top-ranked research
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The Al co-scientist multi-agent system

Research plan
~ configuration

Ranking agent G

tournaments

Research hypotheses
comparison and ranking
with scientific debate in
tournaments. Limitations
and top win-loss patterns

are summarized and
provided as feedback to
other agents. This enables
iterative improvement in
quality of research
hypothesis generation
creating a

()

Literature exploration

Generation agent

Simulated scientific debate

Reflection agent
Full review with web search
Simulation review
Tournament review
Deep verification
Evolution agent
Inspiration from other ideas
Simpliﬁcation a
Research extension

Proximity agent

Discuss via
chat interface

hypotheses and proposals
are summarized into a
research overview and

shared with the scientist.

self-improving loop. G

Meta-review agent

Research overview formulation

Al

Al co-scientist

The Al co-scientist
continuously generates,
reviews, debates, and
improves research
hypotheses and
proposals toward the
research goal provided
by the scientist.

Tool Use

Search
Additional tools

Memory



Google Co-Scientist

.

A

e Pas3HuuUaB
TOM, YTO
Co-Scientist,
Nno BCeun
BUONMOCTM,
n npasaa
paboTaeT

Application

e B TOM
yucne
6naropaps
paccyxna-
FOLLIUM
Mo ensm

Basic research

<
«

Suggest an existing drug that could be
‘repurposed for acute myeloid leukemia (AML)
treatment and provide experimentally
testable concentrations for an IC50 assay.
The drug should inhibit the proliferation of
AML cell lines, particularly MOLM13.

With preclinical evidence
Binimetinib, Pacritinib, ...
Completely novel repurposing
KIRA6, Leflunomide, ...

The Al co-scientist generates predictions for AML drug
repurposing. Scientists review and selects candidates for
in vitro experiments.

Scientist provide research goal to identify possible drug
repurposing candidates for acute myeloid leukemia (AML).

CS Spcace
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Suggested drug
Suggested novel drug

AML cell activity

Drug concentration

In vitro experiments show that the proposed co-scientist drug
repurposing candidates inhibit tumor activity in AML cell lines.

Drug repurposing for acute myeloid leukemia (AML)

Propqse & qovel hyp_o e ab.out.spemﬁc . The Al co-scientist identifies 5
epigenetic alterations contributing to B TR
myofibroblast formation in liver fibrosis. Pig 9

The Al co-scientist proposes several epigenetic

Scientist specify research goal to identify novel epigenetic
target candidates for in vitro experiments.

targets for liver fibrosis.

® Disease

o progression
a

E=

O

I et EEwwws--sasass- -l ————— L Untreated
L — ] p— —

2

8

& Fibrosis ~ Fibrosis ~ Suggested Suggested ,— FDA-approved
e inducer  inhibitor drug1 drug 2

In vitro experiments show that the drugs based on co-scientist suggested
epigenetic targets reduce the fibrogenesis in human hepatic organoids.

Identifying novel treatment targets for liver fibrosis

Hypothesis generation —  Experimental validation

e — 2015-2024: Scientists create novel
] 3 . hypothesis, and validate experimentally

Why are cf PI'CIS fow:‘d in over ~ 10 years of iterative research
many bacterial species?

Scientists start exploring the cf-PICI
mechanisms in 2015.
2024: The Al co-scientist generated
research hypothesis recapitulates the
empirical findings in 2 days

Independently propose the same hypothesis

—> New insights submitted to a top journal

Recapitulate result

The Al co-scientist hypothesis
Conserved regions on capsids and tails
Capsid interaction with bacterial membranes

Parallel in-silico discovery of bacterial gene transfer mechanism relevant to antimicrobial resistance (AMR)
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Google Co-Scientist Scientists spent 10 years on a superbug

e [loka rnaBHbIvi npumep — OT mystery - Google's Al solved it in 48 hours
Jose Pen_adeS' MVIKpO6I/IOJ'IOFa The co-scientist model came up with several other plausible solutions as well
M3 Imperlal COIIege London By Shawn Knight February 21, 2025 at 2:22 PM 20 comments

e OH 3apan Co-Scientist'y
BOMPOC, Ha KOTOPbIN 3HaI
OTBET, HO OTBET eLEé He bblN

PROFESSOR

0] ﬂy6f| MKOBaAH Analysis and Technology Jose Penades, FRS
e U cuctema Bbigana Can Google's new research assistant Al
npaBuNbHbIA OTBET NepBbiM,  give scientists 'superpowers'?
a euwle fajia HECKOJIbKO Researchers who have been given access to Google's new Al "co-scientist" tool are
APYrMX NHTEPECHbIX Vl,D,eVI enthusiastic about its potential, but it isn't yet clear whether it can make truly novel
discoveries
e B aTOM npumepe He BCE TaK By Michael Le Page
r]pOCTO’ KOHeyHO £ 19 February 2025



Stacked novelty and impact ratings of models

8
Novelty
I t
7 mpac
L] L]
Google Co-Scientist i
25 e 2.82 oy
E ' 3.09
B4
[J]
o ,El,a N OLUEHKUN, KOTOPbIMU XBaAaCTaeTCA CaM £
73
Google, He TaK yXX y6eguTenbHbl
2
3.64 3.55 327 3.00
.o i
e Ho npuMmep BCe paBHO BNeYvyatTndaeT
0 Al co-scientist Gemini 2.0 Gemini 2.0 OpenAl o1
Conventional experimental pipeline Al co-scientist assisted hypothesis development Flash Thinking  Pro Experimental
Building on decades of research Experimental 12-19
: i A f Aver ranking of model
2013 Propose cf-PICls - Development of the Al co-scientist |~ 2024 _30 Gragail mkang ar redols
l . ‘ l : §_
e Y =
Expansion of cf-PICls proposal in The Al co-sclentist 2025 <
: < ; ; : generates =
_...numerous bacterial species L%Zr:éc:l ;zze::'f:g?sl::?::\ﬁ:t H hypotheses for the role and i 2.8 278
l T importance of cf-PICls in §
2015 Scientist asked themselves why are P penemus Bactadal species E
cf-PICls found in so many bacterial BT l =26
species -7 : s b S
Hypothesis development for The co-scientist ranks hypotheses 2 3 2.45 2.45
conservation and use of cf-PICIs in - AI based on novelty, feasibility and @ <
bacteria to be studied with in vitro ; testability Son £
experiments : l 2
S 1 o, Recapitulate results Topco-scigntistgeperated é
2025 Experimental results demonstrating - | . ‘ hypothesis recapitulate S22
role and importance of cf-PICls experimental findings without @ <
WS Ro—— : previous insights =
iz ) \ 4 S
>
/ <20 : .
Novel solutions to combat .- ’ Al co-scientist Gemini 2.0 Gemini 2.0 OpenAl o1
1 Flash Thinking  Pro Experimental

firicrotisiredl
CIEGIEEEEIEENEES Experimental 12-19



3710 MOU chaupg us3

[lpumep n3 asrycta 2024-ro HOA6pA 2024

e Alresearcher (Lu et al., August 12, 2024): cuctema (KOTOPYHO Bbl MOXETE camu
YCTaHOBUTbL) XoAUT K Heckonbkum API (LLM, Semantic Scholar), ymeeT
MCNonb30BaTb MHGOPMaLIMIO U pecypcbl KOMMbtoTepa (CoOXpaHATb Beca
Mopenen) n caMocToATeNIbHO

NMnMcaTtb N 3alfycKaTtTb
KO/ 3KCNepnMeHToB

@ Idea Generation

:l Experiment Iteration

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

il

Paper Write-Up

~\

e CTaTbyu NoKa He _ >[ LLM Idea/Plan ] w o Manuscript
: Innovati Templ : :
reHuanbHble, HO Korga @ ==t emplate : 5 Tem:late
OHM MoJlyYatoTCs l ™ C4) AT
aBTOMaATUYECKMU... U, [Novelty Check] . (Upoate Pin | : LLM & aider
. . pdate Plan | . ~ <
ONSITb XKe, Aaxe Sem. Scholar LLM & aider R e g Y .
Manuscript
01 HaBepHAKa 3TO l :
3HA4YNTEJIbHO yﬂ )”‘I WnT Idea scoring / Experiment Numerical LLM Paper
archiving Exec Script Data/Plots Reviewing



https://arxiv.org/abs/2408.06292
https://github.com/SakanaAI/AI-Scientist?tab=readme-ov-file
https://github.com/SakanaAI/AI-Scientist?tab=readme-ov-file
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Al Scientist-v2

e Guess what? [Nonydunnocse! [loka He 3HaeM TOYHO Kak, HO NOYy4YUII0Cb

e Al Scientist-v2 (Sakana Al, 12 mapTta 2025) cMorna HanucaTtb CTaTblo,
KoTopas npowna Ha ICLR 2025 Workshop “I Can't Believe It's Not
Better: Challenges in Applied Deep Learning”!

e 3ajanu TemMy, Hanucanu

. T4 ICLR Workshop
HECKOJIbKO cTaTew s Scores
MOJIHOCTbHO aBTOHOMHO, Compositional Regularization: Unexpected Obstacles in T
end'tO'end, Bb|6paﬂ|/| Enhancing Neural Network Generalization s
Tle leqLLlVlX, nogasiu Real-World Challenges in Pest Detection Using Deep 374
Ha WOI‘kShOp — N BOT Learning: An Investigation into Failures and Solutions o
pe3yJibTaTbl. Unveiling the Impact of Label Noise on Model Calibration 233

in Deep Learning



https://sakana.ai/ai-scientist-first-publication/
https://sites.google.com/view/icbinb-2025
https://sites.google.com/view/icbinb-2025
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Al Scientist-v2

e 9T0 BU AMMO COMPOSITIONAL REGULARIZATION:
! ! UNEXPECTED OBSTACLES IN ENHANCING NEURAL

repBafd Nno- NETWORK GENERALIZATION

HacTosLEeMY

MOJIHOCTbHKO ga?pgrlylglg;sditgig-rglind review
aBTOMaTnN4yeCKHU

NOPOXKAEHHAS AESIHAGT

cTaT bﬂ, Neural networks excel in many tasks but often struggle with compositional gener-
alization—the ability to understand and generate novel combinations of familiar
rl po Lu e ﬂ' Lu a ﬂ components. This limitation hampers their perfqrmance on t.asks requiring' sys-
tematic reasoning beyond the training data. In this work, we introduce a training
Ce p b é3 H bl [;1 p e er method that inc'orporates an explicit compositional regularization term into the
loss function, aiming to encourage the network to develop compositional repre-

. sentations. Contrary to our expectations, our experiments on synthetic arithmetic
reVI eW I/I ﬂ p VI HﬂTaﬂ expression datasets reveal that models trained with compositional regularization

do not achieve significant improvements in generalization to unseen combinations

B XO po Lee MeCTo compared to baseline models. Additionally, we find that increasing the complex-

ity of expressions exacerbates the models’ difficulties, regardless of compositional
regularization. These findings highlight the challenges of enforcing compositional

structures in neural networks and suggest that such regularization may not be suf-
-] P s iR cORpGAIEiGiiA] FESEEIAHGR.
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Al Scientist-v2

e JOTO, BUANMO,
nepsas no-
HacTosALeMY
NOJTHOCTbIO
aBToOMaTu4yec
NOPOXAEHHA
CcTaTb4 , e e . compositional gener-
npoluenLias e B Work, meb ot g
CepbEes3HbIn peer W 22 the metwork 16 devtlop compositional repre.
review u npuHATa
B XOopoluee MecTo

v NEURAL

€veal that models trained with compositional regularization
gnificant improvements in generalization to unseen combinations
0 baseline models. Additionally, we find that increasing the complex-
Expressions exacerbates the models’ difficulties, regardless of compositional
egularization. These findings highlight the challenges of enforcing compositional
structures in neural networks and suggest that such regularization may not be suf-
ficient to enhance compositional generalization.
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YpPOBHU KpeaTUBHOCTHU

e A YyTO Ha camMOM aerne, 6e3 NnuLIHero ckenTtnmymsma v LL|a|'|K03aKV|,D,aTeJ'|bCTBa?
Hay4HbIN MOUCK — 9TO TOXe ONTUMU3aLMOHHbINA NPOLIECC; rae Mbl cenyac?
O e (" Neural ) (Large Language Model )
architecture Al [Co-]Scientist
search @ ‘ Cmmm e
’ l ‘ ‘ q : m : /" Einstein inventing )
\ T I Py general relativity
(" Random search h (" Evolution

i iEE : Human Ph.D.
! ; student
/ i




5. loobyyeHune LLM

3ajaya COCTOUT B TOM, YTOObI YY4UTbCA.
[TOHATHO, YTO 3TO NULWb OAHO cNnoBo. OHO He
NAaET eLle OTBETA Ha rMaBHble U caMble

CyLLLeCTBEHHbIe BOMPOCbI, — YeMY YUUTbCH U
KaK y4nTbCAa?

Bnagnmunp J1eHnH
.. 3agayn coo30B MOJIOAEXM




Y10 Takoe fine-tuning

CMbICn f006YyYEHNS B TOM, YTOObI B KQ4eCTBO
paboTbl 60/bLLION NPpefobyYyeHHON MoaeNu
006aBUTb “BULLIEHKY Ha TOpTe”, oby4as Ha
OTHOCUTENbHO MasleHbKOM aaTtaceTe (U,
BO3MOXXHO, OTHOCUTESIbHO MasieHbKYO YacCTb
MOAENN)

3aecb TPW rMnaBHbIX BOMNPOCa.

o OTKyAa BO3bMETCS AaTaceT Ans
A006yyeHus

O KaKyl YyacTb gooby4yaTb

O KakK MMeHHO fooby4aTb
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RLHF
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e (O6yyeHune c nogkpenneHnem — ato pasgen ML, B KOTOPOM areHT “XMBET' B
OKpY)XatoLlen cpefe n cobmpaeT gataceT Assa obydyeHnsa no xony gena:.

learning rrfrom

Agent Action a ~ rt(als) Agent
experience tuples | Reward r, state s' Environment Actor it

(s,a,rs)

Generic policy gradient algorithm

") Action a~ ri(als)

Critic V(s) Reward r, state s'

<€

4

Actor-critic algorithm

Environment |

e RLHF - 310 npumeHeHune RL ana aoobydyenmsa LLM, B KOTOPOM OKpy>KatoLLen
cpeAown BbICTynaroT N0AM:

4 RL agent 2

Action

[ Environment }

Predicted
reward

/Reward predict

or)

\

uman feedback

M

A




RLHF

e 0O6Lasn cxema (Stiennon et al., 2020)

© Collect human feedback

A Reddit post is
sampled from
the Reddit
TL;DR dataset.

Various policies
are used to
sample a set of
summaries.

Two summaries
are selected for
evaluation.

A human judges
which is a better
summary of the
post.

l l

= =

n_l;
v

\)

% is better than k”
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© Train reward model

One post with
two summaries
judged by a
human are fed
to the reward
model.

The reward
model
calculates a
reward r for
each summary.

The loss is
calculated based
on the rewards
and human label,
and is used to
update the
reward model.

—

#®
l

f

J

L

loss = log(of(r - r,))

T

% is better than k”

r
r~

© Train policy with PPO

A new post is
sampled from the
dataset.

N

The policy 1

generates a

summary for the

s o
r~

boN

&=
!

&

'

.
3

The reward
model calculates
a reward for the
summary.

The reward is \L
used to update

the policy via

PPO. r


https://proceedings.neurips.cc/paper_files/paper/2020/file/1f89885d556929e98d3ef9b86448f951-Paper.pdf

RLHF

Step 1

e O6was cxema (Ouyang et al., 2022)

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This datais used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing to a 6 year old

|
\/

(e}

2

Some people went
to the moon...

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This datais used
to train our
reward model.

Explain the moon
landing to a 6 year old

0 o

Explain gravity.. Explain war.

[C] (0]

Moon is natural People went to
satellite of... tha moon...

Step 3
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Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs



https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
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RLHF = o

Collect demonstration data, Collect comparison ds
and train a supervised policy. and train a rewarg

Step 3

Optimize a policy against

e reward model using
forcement learning.

A promptis prompt ™
sampled from our = e moon ed from Wit acibry
prompt dataset. landing to a 6 year o ¥ abeut froge
|
Y
A labeler .ppo.
demonstrates o/)?o&o )
desired o an output. Y
behavio |
Y

This data is +
to fine-tune G The reward model -
with supervise\ calcul;a';es a ./}?:&.
learning. : . reward for N7
This data is used R the output. LI
to train our
./)?.7&\. +
reward model. N The reward is
.
0-0-0-0 used to update Fe

the policy
] oo



https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
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LORA v gpyrue agantepbl

e [Ipyrou noaxog K fine-tuning — no6aBUTb ManeHbKKiA Kycodek (aganTtep) K
60nbLION MOAENN N 0BYUUTb TONbKO €ro; 3ToO MOXET O6bITb NapaniensHas
MaJsieHbKasa HenpoceTb ¢ residual connection, HO YacTo Takue aganTepsbl
OCHOBaHbl Ha HU3KOpaHroBbIx NpuénmkeHusax (LoRA — Low-Rank Adaptation)

X ~ UV, wherelU € RV v e ROM for k < N, M.

M
X = NU X V k
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LORA v gpyrue agantepbl

[ T - | | MoxkeT

- P b : 6bITb MHOMO
afanTepoB
AJ1 oQHOWU
MogZenm,
XpaHUTb
Hazo
TONBbKO UX
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LORA v gpyrue agantepbl

e OcHoBHasa npo6nema B LORA — KaK BblOpaTb paHr k:

(@)

adaptive low-rank adaptation (AdaLoRA; Zhang et al., 2023) napameTpusyeT AW Kak HacTosiLLee
cuHrynapHoe pasnoxenue, AW = PAQ, roe PRV« n QeRM oproroHanbHble, 1
A =diag(\,, A, .., A,); TOrA@ MOXHO MNOCMOTPETb Ha MOAY/IM CUHTYNIAPHBIX Ynces |A |

sparse low-rank adaptation (SoRA; Ding et al., 2023) 3ameyaeT, Yto A — 370 “GpUnbTp” ANSA CTPOK U
cToN6L0B A 1 B, 1 MOXHO 3TO SIBHO NONPOOOBAaTh 3anuUcaTh: AWx = B- (g © (A - x))

allocating low-rank adaptation (ALoRA; Liu et al., 2024) He genaeT nosnHoueHHoe SVD, Ho
Aob6aBnseT anaroHanbHyto A mexay A u B n oTAenbHO OLEHUBAET BaXXHOCTU OTAENbHbIX PaHroB

dynamic search-free low-rank adaptation (DyLoRA, Valipour et al., 2023)
COMMNNPYET PaHr k Ha KaXXAoM Liare 1 obyyaeT cpasy o6pe3aHHble
Bepcun An B



https://arxiv.org/abs/2303.10512
https://openreview.net/forum?id=jxgz7FEqWq
https://aclanthology.org/2024.naacl-long.35/
https://aclanthology.org/2023.eacl-main.239/

LORA v gpyrue agantepbl
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e OcHoBHasa npo6nema B LORA — KaK BblOpaTb paHr k:

o  weight-decomposed low-rank adaptation (DoRA; Liu et al., 2024) packnaablBaeT npefody4eHHble

Beca Ha Moaysnb 1 HanpaeneHue, W = IWIl - (W / IWIl ), n o6y4aeT ux otaenbHo

oy ey
0y

W

L

A\ 4

(e

o aw

A

y

( Q B [Normalize: 1/ IIW+AWII]

R(P, Q) =IPTP 112+ IQTQ - 112 R(g) = %i lgil

(a) AdaLoRA

(b) SORA



https://arxiv.org/abs/2402.09353

Instruction Tuning
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e HakoHeL, MOXXHO NPOCTO cobpaTb AaTtaceT U3 TOro, YTO HaM HYXHO, U1
0006Yy4YnTbCs Ha HEM; 3TO HasbliBatoT instruction tuning (Zhang et al., 2024)

<€

Step1: Instruction Dataset Construction + Step2: Instruction Tuning >|
“\
templates instruction-
text-label
output
4 Supervised

A, ChatGPT

Y

ChatGPT
seed & GPT4 more
instructions instructions

-

& GPT4
output

__[ iy }Finetunir&[ N J

3
],



https://arxiv.org/abs/2308.10792
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Instruction Tuning

e (Camo D,006y‘-|eHMe 30€eCb 0ObIYHO TPUBUAJIbHO, AE€NaeTCA KaK BCeraa

e VIHTepecHbIM BONPOC — OTKyAa B3ATb AaHHble?

<€

Step1: Instruction Dataset Construction + Step2: Instruction Tuning >|

‘\
templates instruction-
text-label
output
J

ChatGPT A, ChatGPT N
sead & GPT4 fiore & GPT4 "
instructions instructions P

Supervised

__[ iy ]Finetuningﬁ[ N J
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Instruction Tuning

e (Camo ,u,oo6yt4eHv1e 30€eCb 0ObIYHO TPUBUAJIbHO, AE€NaeTCA KaK BCeraa

e MHTepecHbI BONPOC — OTKyAa B3ATb AaHHble? ECTb HECKONbKO NOAXOA0B:

Distillation

/

/ Synthetic data\ / Manual Iabeling\

Bootstrapping
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JlaTaceTbl ¢ 3anpocamu ans ny4dwero o606LeHus

e P3 (Public Pool of Prompts; Sanh et al., 2022):

Summarization

The picture appeared on the wall of a
Poundland store on Whymark Avenue [...] How
would you rephrase that in a few words?

Graffiti artist Banksy
is believed to be
behind [...]

Sentiment Analysis

Review: We came here on a Saturday night
and luckily it wasn't as packed as I
thought it would be [...] On a scale of 1
to 5, I would give this a

Question Answering

I know that the answer to “What team did
the Panthers defeat?” is in “The Panthers
finished the regular season [...]”. Can
you tell me what it is?

Multi-task training

Zero-shot generalization

Natural Language Inference

Suppose “The banker contacted the professors
and the athlete”. Can we infer that "The
banker contacted the professors"?



https://openreview.net/forum?id=9Vrb9D0WI4
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JlaTaceTbl ¢ 3anpocamu ans ny4dwero o606LeHus

e Natural Instructions
(Mishra et al., 2022)

e Super-Natural Instructions
(Wang et al., 2022)

e B Lenom cyTtb B TOM,
YTOObI YNYYLINTb
31paBbli CMbIC/
Mogesnen, noody4yas nx
pasyMHbIMW BOMPOCaMu
Ha MOHWUMaHue

Instructions for MC-TACO question generation task

« Title: Writing questions that involve commonsense understanding of “event
duration".

« Definition: In this task, we ask you to write a question that involves “event
duration’, based on a given sentence. Here, event duration is defined as the
understanding of how long events typically last. For example, “brushing teeth”,
usually takes few minutes.

«Emphasis & Caution: The written questions are not required to have a single
correct answer.

«Things to avoid: Don't create questions which have explicit mentions of

answers in text. Instead, it has to be implied from what is given. In other words,

we want you to use "instinct" or "common sense".

Positive Example

«Input: Sentence: Jack played basketball after school, after which he was
very tired.

+Output: How long did Jack play basketball?

+Reason: the question asks about the duration of an event; therefore it's a
temporal event duration question.

Negative Example

«Input: Sentence: He spent two hours on his homework.

+Output: How long did he do his homework?

+Reason: We DO NOT want this question as the answer is directly mentioned
in the text.

+Suggestion: -

«Prompt: Ask a question on "event duration” based on the provided sentence.

Example task instances

Instance

«Input: Sentence: It's hail crackled across the comm, and Tara spun to
retake her seat at the helm.
+Expected Output: How long was the storm?

«Input: Sentence: During breakfast one morning, he seemed lost in thought
and ignored his food.
+Expected Output: How long was he lost in thoughts?

(a) Sample task from Natural Instructions

Task Instruction

f_l Definition
... Given an utterance and recent dialogue context containing past 3
utterances (wherever available), output ‘Yes’ if the utterance
contains the small-talk strategy, otherwise output *No’. Small-talk is
a cooperative negotiation strategy. It is used for discussing topics
apart from the negotiation, to build a rapport with the opponent.”

,/:(_‘ Positive Examples

« Input: “Context: ... ‘That's fantastic, I'm glad we came to
something we both agree with.” Utterance: ‘Me too. I hope you
have a wonderful camping trip.””

* Output: “Yes”

« Explanation: “The participant engages in small talk when wishing
their opponent to have a wonderful trip.”

é Negative Examples

« Input: “Context: ... ‘Sounds good, I need food the most, what is
your most needed item?!” Utterance: ‘My item is food too’.”

* Output: “Yes”

« Explanation: “The utterance only takes the negotiation forward

and there is no side talk. Hence, the correct answer is ‘No’.”

Evaluation Instances

Tk-Instruct
« Input: “Context: ... ‘I am excited to spend time
with everyone from camp!” Utterance: ‘That’s
awesome! I really love being out here with my
son. Do you think you could spare some food?’ ™
* Expected Output: “Yes”

(b) Sample task from Super-Natural Instructions



https://aclanthology.org/2022.acl-long.244/
https://aclanthology.org/2022.emnlp-main.340/
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CUHTETUYECKUE AaHHble Yepes3 AUCTUNNALMIO

e MoxHO nonpocuTb cunbHyto LLM co3paTtb gaHHble ansa obyvyeHus cnabom
(MeHbLLIero pasmMepa); Tak nosy4ymnacb, Hanpumep, Alpaca (Taori et al., 2023)

Meta e
LLaMA 7B [0y w2
Text-davinci-003 I;‘ -

Supervised o .
52K Finetuning Alpaca 7B
175 Self- Modified Self-instruct Instruction-following
Instruct Instruction Generation examples .
seed tasks e A notom u Vicuna
(Chiang et al., 2023),
Example seed task Example Generated task
Instruction: Brainstorm a list of Instruction: Brainstorm creative n MHOrIroe p.py roe
possible New Year's resolutions. ideas for designing a conference .
Output: room. (0630p Liu et al.
- Lose weight Output:
- Exercise more ... incorporating flexible 20 2 4)
- Eat healthier components, such as moveable —_——
walls and furniture ...



https://crfm.stanford.edu/2023/03/13/alpaca.html
https://lmsys.org/blog/2023-03-30-vicuna/
https://arxiv.org/abs/2404.07503
https://arxiv.org/abs/2404.07503
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CUHTETUYECKUE AaHHble Yepes3 AUCTUNNALMIO

e TAPIR (Task-Aware
Curriculum Planning
for Instruction

Refinement; Yue et al.,

[Resp°n5937i Response y;

2024): MOXHO
NOMNPOCUTb CUNTbHYIO
LLM penatb
cbanaHCUpoOBaHHbIE
3ajauu
BO3pacTaroLLen
CNTIOXXHOCTU —
curriculum learning

Chain-of-Thought Prompting

Student LLM Teacher LLM Teacher LLM Detailed Explanation for
m Problem Solving

Judge LLM

? Challenging Instruction
Selection Task-aware Re-
writing
<

(7]

. Task- -aware Model
Student LLM\ Dataset @ Student LLM
inll

LLAMA 2
TaSk Task
Round r Distribution Distribution Roundr + 1
L J

Updating model checkpoint for the next round: r « r + 1; Increasing difficulty



https://arxiv.org/abs/2405.13448
https://arxiv.org/abs/2405.13448
https://lmsys.org/blog/2023-03-30-vicuna/
https://arxiv.org/abs/2404.07503
https://arxiv.org/abs/2404.07503
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Bootstrapping: Kak 06y4nTb camMoro ceb6s

e Self-Instruct (Wang et al., 2023): LLM cama nopoxaaeT UHCTPYKLUN, 3aTEM
npumepsbl, 3aTeM fine-tuning; Ho (NoYeMy-TO) He peKypCUBHO

Step 2: Classification

175 seed tasks with Task Pool Step 1: Instruction Generation . 2
: 4 Task Identification
1 instruction and - -
1 instance per task m W
= / LM .
o , Instruction : Give me a quote from a .
g_— famous person on this topic.

Step 3: Instance Generation

: : : s : : Yes
Instruction : Find out if the given text is in favor of or against abortion.

[ -

step 4: Filteri .
Siep Wering Class Label: Pro-abortion

Input: Text: I believe that women should have the right to choose whether or not Output-first |

they want to have an abortion. LM

Instruction : Give me a quote from a famous person on this topic. w No

Input: Topic: The importance of being honest.
Output: "Honesty is the first chapter in the book of wisdom." - Thomas Jefferson Input-first



https://aclanthology.org/2023.acl-long.754/
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Bootstrapping: Kak 06y4nTb camMoro ceb6s

e PekypcusHo, Hanpumep, B Reinforced Self-Training ot DeepMind (Gulcehre et al.,
2023): Ha ware Grow NopoXgaem JartaceT, 3aTeM obyyaeMm Ha ware Improve

Do~ i Iel 84 IWSLT 2014 De-En (valid)
g 3 ‘ I1=2
g 82
Grow step g T s0
] =
;l T3 reward g 78
Repeat 61+ T8y~ T6s
7o G-step %76
| o
a G=1 G=2 z74
Improve step s .
Filter + finetune 5 70.9
(O]
Dy i % g0
reward 1=0
(a) The ReST framework (b) Better policies lead to  (c) Results get better with subsequent steps; both
better synthetic data Improve and Grow steps bring improvements


https://arxiv.org/abs/2308.08998
https://arxiv.org/abs/2308.08998
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Bootstrapping: Kak 06y4nTb camMoro ceb6s

e Self-Taught Reasoner (STAR; Zelikman et al., 2022): nopoxxaaem o6bsicHeHuss Bpoge “think

step by step”, punbTpyem, goodyyaem

e Self-Taught Optimizer (STOP; Zelikman et al., 2024):

ynyydwaTtb rnporpamMmmy, KotTopas nnieT nporpamMmmy

{ Improver
Question, Rationale, Answer Correct *
Answer '
1
I g : Improver,
< Finetune Rationale
______ Lanquage |Generation .
‘ M?)de? Rationale, Answer |
Question e
Rationalize ® +
Wrong
Answer
Improver,

e 7 {Ramnale, Answer]

(a) STaR (Self-Taught Reasoner)

cnepyrowmnn MeTa-war, jaBsaunTte

1,(3, 1, LM)

improve self using self

Program Utility
fn fn — score

N

Seed Improver (Improver )

(=]

improve self using self

choose best
new program

(]

improve self using self

(b) STOP (Self-Taught Optimizer)

improve self with
meta-utility


https://openreview.net/forum?id=_3ELRdg2sgI
https://arxiv.org/abs/2310.02304
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Bootstrapping: Kak 06y4nTb camMoro ceb6s

e HacKo/IbKO BO3MOXXHO TaK 06y4nTb
nocnepoBaTesibHO BCE 6bonee n 6onee MOoLHbIE
Moaenn?

e EcTb MHeHue, 4yTo Al slop 3anNoNHUT MHTEPHET (TO
eCTb 06yyaroLLyto BbIGOPKY), U BCE CTAHET XYXe,
Moaenn 6yayT oby4yaTbCs Ha epyHAeE, KOTOPYHO
6yneT TpyAHO OTPUNbLTPOBATb

e A ecTb MHeHue, YTo bootstrap MoxeT 1 cpaboTaTb

e BepHEMcH K 3TOMY, Korga 6yaem oocyxaatb
paccyXaawLine Moaenu...
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BbiBOAbI

e EcTb MHOro MeTo10B A006YYEHUS:

ManeHbKue agantepsbl, HanpumMmep LoRA
instruction tuning
A006YyYeHNE Ha CUHTETUYECKUX AaHHbIX

o O O O

e BecTn aTn nccnenoBaHnsa MOXXHO N HYXXHO,
HECMOTPS Ha TO, YTO Mbl C BAMW HE MOXXEM CTPOUTb
HoBble frontier Mogenn — HO AOO6YYaTb MOXEM, U
ecTb OTKpbITbie Mogenu (Llama, DeepSeek)

e B KakoM eLle HanpaBAeHnn MOXHO ynyyiwaTtb LLM?



6. PaclumpeHue ANIMHbl KOHTEKCTa

Bonbluasa 6ubnmoTeka CKopee pacCenBaer,
4yeM noyyaeT Yntartens. flopasao nyywe
OrPaHMYNTLCHA HECKONIbKMMW aBTOpaMu, YeM
Heo64yMaHHO YNTaTb MHOIUX.

Jlyynn AHHen CeHeka
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Longformer

e Longformer (Beltagy et al., 2020): paBaiTe paclUMPUM CKOJIb3SILLLEE OKHO MpU
MOMOLLIN HECKOJIbKMX TPHOKOB (CM. HUXKE)

e Dilated attention (kak dilated convolutions) + HeCK0O/IbKO BbIGOPOYHbIX TOKEHOB
c global attention (kak TokeH [CLS] B 06bI4HOM NpaKTUKE)

(a) Full n? attention (b) Sliding window attention (c) Dilated sliding window (d) Global+sliding window


https://arxiv.org/abs/2004.05150
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Sparse Transformers

e Sparse Transformers (Child et al., 2019): BHUMaHKe
06bIYHO PaA3PEXEHO U TaK, JlaBanTe 3To
3auKcupyem 1 notpedyem

(a) Transformer (b) Sparse Transformer (strided) (c) Sparse Transformer (fixed)


https://arxiv.org/abs/1904.10509
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Big Bird
e BigBird (Zaheer et al., 2020): Te )Xe TPHOKM MHOC eLLLE HECKOJIbKO CyYalHbIX
No3nUKUi 4551 BECOB BHUMaAHUS, KOTOPble A00aBNSAOT Bblpa3nTeIbHOCTH

e OHM paccMaTpuBatoT BHUMAHUE KaK CrlydanHbIn rpad 1 NUCNosb3yoT MoAesNb
Watts—Strogatz ¢ xopownmm 6anaHcomMm Mexay AJIMHON KpaTyanLnx nyTen n
NoKasibHbIM KOHTEKCTOM

r “SDD
_l DD JD
e o
N
DD DE |:II—I

(a) Random attention (b) Window attention (c) Global Attention (d) BIGBIRD


https://arxiv.org/abs/2007.14062
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HU3KopaHroBble pasioXXeHnsa

e Hun3KopaHroBbie pa3NioXeHUst — rMaBHbI MHCTPYMEHT B peKOMeHAaTeNbHbIX
cucTeMax U MHOrMX Apyrux obnacrax

e Ecnu Hy>XXHO COKpaTUTb pa3aMepPHOCTb Y MaTpuubl, SVD — yacTo xopoluas naes




Linformer

Linformer (Wang et al, 2020): 3amMeTuMm, 4TO Ha NpaKTUKe MaTpuULbl BHUMaHWUS
AeUCTBUTENIbHO UMEIOT Masbl paHr

1.0

o
o

=
in

Normalized cumulative eigenvalue

]
=S

12-layers Transformer

24-layers Transformer

—— IMDB
— Wikil03

-~ IMDB

— Wikil03

"0

128 512 0
Eigenvalue index

128 512
Eigenvalue index

Layer index
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Head index
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LinfOrmer head; = softmax (

3TO MOXHO
NCNOJIb30-
BaTb B
KOHCTPYKLNK
MaTpuy
BECOB:

1
Vdj

Scaled Dot-Product

Attention

1

Projection i

N | L.
[Projection il

1

= |

A

Linear il

(e )

I

Vv

I

K

inference time (s)
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QWX (E,-KW,L-K)T> - (FVWY)

» —— Linformer, k=2048
Linformer, k=1024
Linformer, k=512
Linformer, k=256
Linformer, k=128
Transformer

-

—

- ——— o ’ R
: 1 - ————— 2 o v — — —
T ¢ ¢ — [ — — — 3 —— —— — — T —

512/128 1024/64 2048/32 4096/16 8192/8 16384/4 32768/2 65536/1
Sequencelength/batch size

Linformer V)

WK (WY

Ao X di k X di

n Xdm
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BosBpalleHne peKyppeHTHbIX ceTeun

e Recurrent Memory R | i
Transformer (Bulatov l { [ q | §
KuratOV. Burtsev. 2022) Transformer Layers :gi [ Transformer Layers ]
MOXHO nonpo6oBaThb n ;_) 3 [_J i
HanpsiMyto o6aBuUTb B yXke ~ --Y--- prm e Fe-b--- i .

¥ \ mem ': segment 1 ' ——> ! mem . segment 2 :

rOTOBbIM TpaHchopMep ~  Srommmmfmmmmmmmooos Eemmmes oo
pPEKYPPEHTHOE CKpbITOE
COCTOSIHUE; 3[4eCb HY)XEH o Y I— | — ) I . — i

TOJIbKO HEeH6O0JIbLLOM
flne-tuning Nnpego6y4eHHOro
TpaHcdopMmepa i L], fl ||, 1l

V) A\ . J
_________________ X 08NN 200 | ISR © 2NN 200 (NN, : TR
I iii soonent i hmitel Sfreddl segment 2 Jwitel LfFéad] segment 3 hrite



https://proceedings.neurips.cc/paper_files/paper/2022/hash/47e288629a6996a17ce50b90a056a0e1-Abstract-Conference.html
https://proceedings.neurips.cc/paper_files/paper/2022/hash/47e288629a6996a17ce50b90a056a0e1-Abstract-Conference.html
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Linear Transformer

e A MOXHO nNpuMeHuUTb kernel trick: Linear Linear Transformers
Transformer (Katharopoulos et al., 2020) , exp<q73’:_in)
Q4;
e O6blyHOe self-attention: " > () 1 softmax — 0 ’
Ai(z) = V' = softmax (QKT) V. o /O(T)
)=V = /D : %
V- Zjvzl sim (Qz, Kj) VJ i ((; k) = exp ( Tk ) (a) standard self-attention
CTiLisim(Qi K;) Ve , B(4) (k)
Q—1+—A90) R
e A MOXHO caenaTb YTO-TO Bpoge agpa: | I
N T T N T () O(T)
CONLie@) o) T 9 (@Q)TEN, 6(K)) \ /

(b) linearized self-attention



https://arxiv.org/abs/2006.16236

BosBpalleHne peKyppeHTHbIX ceTeun

e Ha uTto 310 Nnoxoxe? [la Ha peKyppeHTHbIe CeTH, Te
caMble, KOTOPbIX TpaHchopMepbl Bpoae Kak
yBEPEHHO Nobeann

e JINHENHbIN TpaHChOPMEP MOXXHO NPeACTaBUTb Kak
RNN ¢ MaTpUyHbIM CKPbITbIM COCTOAHUEM:

a:) B (22:1 ’Uz'cb(kz')T) @) 8,4(q)

t_z el 1¢< >¢<4t>v' (Soci ok)7) d(a)  2e@(ar)’

St = Zﬁzl vip(ki) € Rz, = ZZ , #(ki) € R”
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BosBpalleHne peKyppeHTHbIX ceTeun

e HayTo 3710 Noxoxke? [1a Ha peKYpPpPEHTHbIE CeTH, Te "
caMble, KOTOpbIX TpaHCchOpMepbl Bpoje Kak

bonee TOrO, MO)KHO\

B3ATb ¢=id n
yBEPEHHO Nobeann
BbI6GPOCUTD
e JINHENHbIN TpaHChOPMEP MOXXHO NPeACTaBUTb Kak 3HaMeHaTesNb:

: T
RNN ¢ MaTpM4HbIM CKPbITbIM COCTOSIHUEM: = Si_1+vk,, 0 = StQt/

N
a:) B (Zﬁzl ’vz-cb(kz')T) @) 8,4(q)
z, ¢(

t_z K 1¢( )¢(Qt) o (Zj.zlqs(kj)T) b(qy) B Q)

St = Zﬁzl vip(ki) € Rz, = ZZ , #(ki) € R”




BosBpalleHne peKyppeHTHbIX ceTeun

e | nonyyaeTcs Lenas poccbinb PEKYPPEHTHbIX
BapuaHToB (Yang et al., Aug 2024):

Model

Recurrence

Memory read-out

Linear Attention [39, 38]

+ Kernel

+ Normalization
DeltaNet [84]
Gated RFA [68]
S4 [26]
DFW [53, 40]
RetNet [90, 75]
Mamba [25]
GLA [99]
RWKV-6 [67]
HGRN-2 [78]
mLSTM [7]
Mamba-2 [16]

St = Si1 + vkt

S: =S;1+ ’Ut¢(kt)T

St =Si—1+ ’Ut¢(kt)T, zr = z—1 + P(ky)

St =S (I- ﬁtktk:) + ﬁt’vtk;r

St =g+Si—1+ (1 — gt)’lltk:, zt = grze—1+ (1 — g )k
St =Si1®exp(—(al’) ®exp(A)) + BO (vil")
St =810 (5ta:) + ’UtktT

St =79Si—1+ ’UtkI

St =Si1 0O exp(—(aul") ® exp(A)) + (0w ® v )k
S:=S:-10 (1a:) + Utk;r = S;—1Diag(a:) + ’Utk:
S, = S,_1Diag(aw) + vk,

S, = S,_1Diag(a;) + v¢(1 — o)’

S: = fiSi—1+ itvtkf, zt = frze—1 + itk

S: =vSi—1 + ’UtkI

ot = StQt

o; = S:¢(q:)

o = Sip(qr)/ (2 $(ar))
o; = Sq:

o = Siq:/(2! ar)

ot = (StCDC)l—f—d@'ut
ot = StQt

ot = Stq¢
ot =Siqt +d O v
ot = St(It

0. =(Si-1+(do ’Ut)kI)Qt
o; = Sq:

o; = Siq:/ max{1, |z, q:[}
o; = Sq:
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https://arxiv.org/abs/2406.06484

BosBpalleHne peKyppeHTHbIX ceTeun

Structured State Space Model Structured Masked Attention

Structured State Space Model (SSM)

S4

Diagonal State Space Model
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Hanpumep, Mamba-2 (Dao, Gu, 2024): Transformers are State-Space Models

Ceiyac He 6yaeM yrnybnaTbcs B 9TO, HO 9TO OYEHb MHTEPECHOE HarnpaBieHue,
KOTOpOe ceivac akTUBHO paspabaTbiBaeTcs

Structured

State Space
Duality (SSD)

DSS
S4D
S5
S6

C (output matrix) @ (queries)
B (input matrix) K (keys)
X (input sequence) V' (values)
Aji (state matrix) Lj; (mask)
N (state expansion dim.) N (kernel feature dim.)
H (hidden states (6b)) .
—~I-XB (Hnssbaiode) SMA linear dual (6)
G (Gram matrix (7a))

SSM quadratic dual (7)

=Q-K " (quadratic mode)

Efficient Autoregressive Attention
Semiseparable SMA

Structured Masked Attention (SMA)



https://proceedings.mlr.press/v235/dao24a.html
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BbiBOAbI

PacwmpeHne KOHTEKCTa — 3TO Ba)XXHOe HarnpaBJ/ieHue, U 34eCb BHe3anHo cHoBa
NOABNAKOTCA N peKyppeHTHble ceTn, n SVD, n SSM, n MHOTo Apyrux naeu

e [lymalo, YTO 34€eCb NOCNEAHEE C/IOBO ELLE AaneKo He CKasaHo... HO eCTb U
cnoco6 obpabaTbiBaTb MHOIO BHELLHEN UHDOPMaLIMK, HE PacLLUNPSISt KOHTEKCT

Sparse
attention

Low-rank
decompositions

| = 58 B EE N &

Other SN T T T -1 1

I T C—

ideas I T C—

Quadratic complexity \_ Large context windows



/. Retrieval-Augmented Generation

A uLLy Taknx,Kak 1,
CymMacuweawmx n CMeLLHbIX,
cymacllegLmx n 60S1bHbIX
A Korpga g ux Haugy —

Mbl YUaEM oTCroga npoub,
Mbl YULEM OTCIO4a B HOUYb —
Mbl YUAEM N3 300napkal

Erop JletoB. 3oonapk
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Yto Takoe RAG

o LLM-
6onbLUne
MopLes1n, U
OHWU 3HAKOT @ My knowledge was last updated in August 2023. This means that while | can provide information

hi again! what is your knowledge cutoff date?

MHOTIO up to that point, | may not have the most current data or details on events, research, or

. developments that occurred after that time. If you need the latest information, | can use my
Ho He BcE,

nno

JIEHNHO
MHOIOro great! can you link me to more detailed surveys of RAG? again, use
only your knowledge, don't look up information

browsing capabilities to retrieve it.

3HaATb HE

MOIyT

&) | can't provide direct links to external sources without looking them up. However, | can recommend

some places where you can find detailed surveys on Retrieval-Augmented Generation (RAG):



Yto Takoe RAG
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[ I'Ipe,u,nonox(MM, YTO Mbl XOTUM OaTb MOAEJIN BOZMOXHOCTb NUCKaTb OTBET

e OTO NPMBOAUT K MPUMEPHO TAaKOW CXEME, U HAM HY)KHO €€ YeM-TO HaMONHUTb:

ﬂ:’rompt / Questioh
: S (? 0\

Indexing

—_

Retrieval

LLM
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Yto Takoe RAG

e [Ipnumep

Chunk 3 :

corporate governa
OpenAl

Chunk 3: "The Personnel Turmoil at
OpenAl Comes to an End: Who Won
and Who Lost?"

Combine Context
and Prompts

Input Indexing
—)
—)
_______ [——]
: : Documents .
: How do you evaluate the fact s  ——]
] that OpenAl's CEO, Sam Altr ! Ch\’;kv_)t
5 ) went through a sudden dismissa : b Eal
1 by the board in ju :
! J !
OUtpUt i and then was rehired by t i embeddings
1 any, resemblir 1
! i
' ersion of "Game of Thrones" in ' .
4
i terms of power dynamics? i Retrleval
e e e e < 1 1
! A | nERSEEnTRsEaTasat TR sEans g
: : [ Relevant Documents J
' '
! '
1 | any information regarding the dismi y 3% LLM Generatio i
! 1 and rehiring of OpenAl's CEO . ! e S - R e b
' ' 1 s ) ' ' '
: ‘ i Qu?s?ﬁ‘n '.n evaliate the fact that the i i Chunk 1: "Sam Altman Returns to {
: : J e e i aiiius ! OpenAl as CEO, Silicon Valle :
. ! ! . EE L AL ! 1 Resembles the 'Zhen Huan' Comedy" !
3 This suggests significant internal 4 ! 3 ! ' |
A T ' 1+ Please answer the above questions | |
1, disagreements within OpenAl regarding, ' based o the followina Information s | ' e S !
i 'the company's future direction and i L wingz L + Chunk 2: "The Drama Concludes? Sam
' stre of th twists ¢ ' “h“"“ I ' , Altman to Return as CEO of OpenAl, ,
y rand turns r ! 1 Chunk 2 . , Board to Undergo Restructuring” :
| corpo ] : : : :
! i
: : ! !
! !
!
1
!
!
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[TpMepbl NpoCTbiX NpuMeHeHnn RAG

e Yueetal (2023): DISC-LawLLM, RAG ans ropnanmyeckunx ycnyr, Kotopblii ymeeT
NCKaTb U YNTaTb 3aKOHbI N NMpeLeneHTbl

e Xiong et al. (2024): Medical Information Retrieval-Augmented Generation
Evaluation (MIRAGE) nweT MeamMunHCKMe cTaTbM U OTYETbI 06 UCCefoBaHUAX

e Balaguer et al. (2024): cpaBHeHue pasHbix RAG n LLM fine-tuning noaxonos K
CeNIbCKOMY XO3SINCTBY, A€ HY)XHO YNTaTb MHOIo JOKYMEHTOB M OTBeYaTb Ha
Bonpocbl Bpogae “What is the best time to plant trees and shrubs in Arkansas?”

e Suresh et al. (2024): npuMep KOHKPETHOrO peLLeHns Ha
ocHoBe RAG — paboTta ¢ gokyMmeHTamun o bBAK



https://arxiv.org/abs/2309.11325
https://arxiv.org/abs/2402.13178v2
https://arxiv.org/abs/2401.08406
https://arxiv.org/abs/2403.15729

Agentic RAG

ﬂ’rompt / Questiorm

‘l . e/ -

Indexing

v

CS Space
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[lepBOe HanpaBneHue: gaBaunTe
caenaemMm RAG 6onee
“areHTHbIM", paspewmnm Moaenu
aKTUBHO M UTepaTUBHO
nepe@opmMynmMpoBaTb 3arnpochl

.

ﬁiltg_!'_ / reformulata
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Agentic RAG

e Shaoetal. HotPotQA

! 2023 !: Question: The arena where the Lewiston Maineiacs played their home games can seat how many people?
Answer: 3,677 seated

NCNOoJib- Iteration 1
Retrieved Knowledge

3yeM (1) Title: Lewiston Maineiacs Context: The Lewiston Maineiacs were a junior ice hockey team ... The team played its home
games at the Androscoggin Bank Colisée ...

BbIXOA4, (2) Title: Bangor Auditorium Context: ... a 5,948 seat multi-purpose arena located in Bangor, Maine ...

O HOrO Generation
The Lewiston Maineiacs were a junior ice hockey team of the Quebec Major Junior Hockey League based in Lewiston, Maine. The

payHAa team played its home games at the Androscoggin Bank Colisée. The Androscoggin Bank Colisée can seat up to 5,948 people.
So the answer is 5,948

RAG kak Iteration 2
Retrieved Knowledge

BXOo4 And (1) Title: Lewiston Maineiacs Context: The Lewiston Maineiacs were a junior ice hockey team ... The team played its home
games at the Androscoggin Bank Colisée ...

chn eﬂ,ym' (2) Title: Androscoggin Bank Colisée Context: The Androscoggin Bank Colisée (formerly Central Maine Civic Center and
Lewiston Colisee) is a 4,000 capacity (3,677 seated) multi-purpose arena ...
Lero Generation
The Lewiston Maineiacs were a junior ice hockey team of the Quebec Major Junior Hockey League based in Lewiston, Maine.
payHAa They played their home games at the Androscoggin Bank Colisée. The Androscoggin Bank Colisée has a capacity of 4,000

(3,677 seated). So the answer is 3,677



https://arxiv.org/abs/2309.11325
https://arxiv.org/abs/2309.11325
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Self-RAG (Self-Reflective RAG; Asai et al., 2023)

e Asaietal (2023):

O  BbIACHUM, HYXXEH JIN Retrieval-Augmented Generation (RAG) Ours: Self-reflective Retrieval-Augmented Generation (Self-RAG)
NMOUCK, €CJIN Aa, Prompt How did US states get their names? Prompt How did US states get their names? Step 1: Retrieve on demand
nopoammMm TOKeH NonUcCkKa )

p A Step 1: Retrieve K documents —> US states got their names from a variety of sources. Q
o Of the fifty states, eleven are named o o o
O (0] Ll'e HAM p e/1IeBaHTHOCTb after an individual person. Step 2: Generate segment in parallel
e3v/1ibTaToB Bblaaydu Popular names by states. In Texas,
p y A (2] Emma is a popular baby name. Prompt + @) Prompt + o Prompt + €
Retriever California was named after a fictional
O nopoﬂMM OTBeTbI no o island in a Spanish book. @ ‘L % ‘1‘ @J,
Relevant| 11 of 50 state names ; R g
KaXXgo My BblgaHHO My Step 2: Prompt LM with K docs and generate ::I Texas is named = Cahfo\r & IER it
ComBilIom persons. [Suppor(ed ] after a Native American tribe onginss Y, & 1otcentun/ nove
Ao KyM e HTy n Prompt How did US states get their names? + ooe Las Sergas de Esplandian.
. Step 3: Critique outputs and select best segment (1%
HOKpMTM KyeM MX' ‘L US states got their names from a variety of

%_} sources. Eleven states are named after an ——____‘ 0[:3[:3 J > e I > o 3

individual person (e.q. California was named

o  BblGepeM nyyLumni, : x o

LM after Christopher Columbus). Some  states s o s US states got their names from a variety of sources. 11 of 50

ﬂ,06aBM M ero K 38I'Ip00y incly/ng Texas Utah, are named after it Ropeat:s: states names are come from persons. @J)26 states are named
Contradictory  Imerican tribe| No information in passages after Native Americans, including Utah.

U MNOBTOPUM = i nacusisiias st sasiarissios

Prompt: Write an essay of your best summer vacation Prompt: Write an essay of your best summer vacation

v
_ Q o o o = % —> My best... @ —-> My best summer vacation is when my family and | embarked on a road trip along ..



https://arxiv.org/abs/2309.11325

CRAG (Yan et al.,, 2024)

Q: What is Henry
Feilden's occupation? for Death of a Batman?

Nel? S

[ Retriever ]

Accurate Documents Inaccurate Documents

CS Spcace
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Yan et al. (2024): oTAeNbHbI OLEHLLNK BblAaHHbIX JIOKYMEHTOB

~
Ask: If retrieved

documents are

Retrieval
Evaluator

e

Knowledge Refinement

Hoecompose- Filter I stripy I Recompose

l

‘ ‘ Knowledge
. Correction ( | . i
Henry Feilden Batman (1989 film): Knowledge Searching
(Conservative politician): of the murder of Bruce R prrmmnmommmnenrene @ -
- ' ! H | q: Death of a Batman; i k,
Henry héastcr Fci!dcn :)lVaync's par.cr:ts. When PX omi————— . E>- :‘ >
was an Conservative amm's script was Rewrite *==============od Select
T . s h ky
Party politician... rewritten, ... L . P
L mmmmeee—ooeoo - P ——— I —————
' '
| |
S : L F o ! I !
- -m ESL g LX i ] NEAL
‘@l Generation @ I J L I @
G
enerator
Generator Generator

_ (a) CRAG motivation: inaccurate retrieval results

(b) CRAG inference with knowledge correction


https://arxiv.org/abs/2401.15884
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Adaptive RAG (Jeong et al., 2024)

e Adaptive RAG (Jeong et al., 2024): o6y4yaeT gONOSHUTENbHbIN KnaccudukaTop,
KOTOPbIN BblOMpPAET NpaBusibHbIN NOAXOA — HY>XeH N RAG BOO6LLLE, HY)XHO 1K
3anyckaTb ero oguH pas uin utTepaTMBHO MHOIO pas

e Ho pekypcuBHbIM Nepesanyck — 3TO TOJIbKO O4HO HanpaBfeHue yny4ylleHNI
ana RAG; paBante paccMOTpuM Jpyrue...

(A) Single-Step Approach (B) Multi-Step Approach (C) Our Adaptive Approach

= ~. B3 (‘i K times ‘

Simple Query: Simple Query: RJ DR, Straightforward Query: Answer

When is the birthday Retioval Documents When is the birthday Remeva\ Paris is the capital of what? \

of Michael F. Phelps? <es > of Michael F. Phelps? (Intermediate) ‘

Answer Answers Simple Query: SQ Documents
Inefficient 8 When is the birthday Re\ne‘a‘ )
"/Complex Query: ™ of Michael F. Phelps? Answer
= | A k times ]

What currency is in — Documents - ~ 22 = Classmer ‘rs k times

\ Billy Giles' birthplace? | Retrieval " Complex Query: 1Sy S ; SO4Y)

What currency is in Retrieval

Complex Query: - Documents
Answer i1 Giles’ bi What currency is in Retrioval
BBy Oliee Dhfplcer (Intermediate)  Billy Giles' birthplace? | (Intermediate)
Inaccurate Answers ~ ;

Answers



https://arxiv.org/abs/2403.14403
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[lepepaHXXnpoBaHue

e YMHOe nepepaHXupoBaHue pe3ynbTaToB Bbigaun (Gao et al., 2023,
Blagojevich, 2023); 3710, KCTaTuH, U Hao60pOT paboTaeT: LLM MoxeT ynyyiatb
nouck, nomoras nepepaHxuposatb (Ma et al., 2023, Peng et al., 2023)

Step 1 Step 2 Step 3
[ ] Ke et d I . (20 24) . OT,D,eﬂ bH aﬂ Collect silver passage sequence Train a supervised bridge Optimize a policy against the reward
model (a Seq2Seq model) using reinforcement learning

Retrieve
sequence-to-sequence cs e
[Passage ID] SL
MoJeJ1b, KOTOpad e Policy generates | Trained |
Wow! it's even more - ; (dretr‘)k: a passage Bridge )
Greedy beautiful than ... L[Flmsh the passage in ] j j=1 sequence g

BblOMPAET U3 JIOKYMEHTOB s Bt i

add to_seq (d5"V-,c) « [ido] Wow! it's even PPO-like

KOHKpeTHble YacTu, 6onee | | posmat |\ wnges ﬂ
1,

e e [idy] this bible is even - predetion
nHTepecHble gnsa LLM ocorve (Y | e

candidate for already selected

| § Dataset-specific
downstream p until < metricsareused | Reward |
task Wow! it's even more || no P ~ as reward

beautiful than ... improvements ]

canbe made Output: [Passage IDs]

(direlr.)%(= "

Addto |

m The IDs are
dsilv. converted to the
| p

Ea ¥ -~ (7o) corres ponding
i m passage in the
(djs‘ V')js=1 next step

(d]bdr')jn:l



https://arxiv.org/abs/2303.14524
https://towardsdatascience.com/enhancing-rag-pipelines-in-haystack-45f14e2bc9f5
https://openreview.net/forum?id=LUDljw5VVD
https://arxiv.org/abs/2311.03758
https://aclanthology.org/2024.acl-long.562/

CS Spcace

Kny6 TexXHONornim n Haykm

Nepapxua cymmapusauum

e EcTb psap nepapxmyeckux nogxoaos; Hanpumep, RAPTOR (Recursive
Abstractive Processing for Tree-Organized Retrieval; Sarthi et al., 2024)

e LLM ncnonbayetcsa ans Toro, YTobbl PEKYPCUBHO CyMMapuUsnpoBaTb AJSIMHHbIE
TekcTbl (a NOTOM Habopbl aHHOTAaLMIA U Tak fanee)

RAPTOR Tree Formation of one tree layer Contents of a node
6 7 8 ~ \ Index #8 |
Root layer 9| 1o 2. Summarization . i\ Child Nodes: 2, 3
by LLM \

\ Text: summary of
nodes 2 and 3

Text Embedding
Leaflayer + 2 3 & s 1. Clustering 3

7

5

Text chunks



https://openreview.net/forum?id=GN921JHCRw
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Nepapxua cymmapusauum

e A MOTOM caM NOMCK MOXHO 3anycKaTb Ha 3TOM JepeBe aHHOTaLuK, BblfaBas
6onee rnobanbHbI KOHTEKCT ansa LLM (koTopblit cam no ce6e He BNes 6bl)

A. Tree Traversal Retrieval

| —
B
Query e Q — —_— + Query ——P Answer
Encoder T — — LLM —
D Retrieved Context
—
—

Tree Structure

B. Collapsed Tree Retrieval

Query — Q —P » —> + Query —_— Answer
Encoder w U W —_—— - LLM
— — —

—
Collapsed Tree Structure Retrieved Context




Speculative RAG (Wang et al., 2024)

e Wangetal.

(2024):
“Specialist
LLM" oTBevaeT
Ha BOMPOChbI NO
LOKYMEHTaM,
“Generalist
LLM"
obobLlaeT
YEepPHOBWKM OT
specialist LLMs

CS Spcace
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&

@ A Knowledge-intensive Query | a 9 Retrieved Documents i Evidence-supported Answers A Generalist LM u A Specialist LM
(a) Standard RAG (b) Self-Reflective RAG (c) Corrective RAG
prompt |l . o | R emmmmm—m T
@ sy ' Final 0—-IReIevant|——-—+Supportec1
1 i Answer Generalist 2 g:gvant —é}b.
(Incorp " o B . el e—-- Generate special tags {Generalist
9 All docs into ‘Generalist Special tags e

g 0 the prompt) | M

g N

to reflect over the
retrieved docs and the

learned during o— e

instruction-tuning generated answers

J \

i Incorporate relevant docs and the
! docs from web search into prompt.

Use an NLI model to
classify retrieval docs

\

(d) Ours: Speculative Retrieval-Augmented Generation (Speculative RAG)

No need to instruction-
| tune the Generalist LM |

When Generalist LM
encounters knowledge-
intensive queries?

€
<=1 Understand documents
in parallel with the RAG Drafter

Specialist
RAG Drafter

Efficiently generate drafts @ and rationale f§

Understand multiple perspectives of the docs
(Docs of the same color are from the same topic cluster)

-

e ———-——

Evaluate drafts by Generalist
LM & Accept the best draft

| A = argmax Score(di | Q, fi)
| ai

Evaluate each answer draft based
on the question and the rationale in
parallel using Generalist LM and Accept
the Best Draft.

Query Generalist LM

Evaluate & Accept Drafts into Generalist LM



https://arxiv.org/abs/2407.08223
https://arxiv.org/abs/2407.08223
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OT RAG K ReALM

e CasaA3saHHbI noaxon — R[e]ALM (Retrieval-Augmented Language Model; Guu et al.,
2020): MOXXHO BCTaBUTb MOWUCK MNPSIMO B NpefcKa3aHWe TOKEHOB; 3TO TOXe
npojonkaeTcs, Ho He 6yaem cendac (Borgeaud et al., 2022, Lin et al., 2024)

g - _s,_ar-nbie. e P = _s_ar—nbie- *[Supervised
g Unlabeled text gasssassssssssdasssssssasns corpus (X') g INPUL QUETY aaccaae e e e e e s . data

E The [MASK] at the top of the pyramid (z) . | what’s the angle of an equilateral triangle? (.’I,‘):
: retrieve Ml retrieve e
LNeural Knowledge Retriever (¢ )J< —————— knowledge [Neural Knowledge Retriever (¢ )]< —————— knowledge
| corpus (Z) I corpus (Z)
(x,2) / (z,z) Y
\»[Knowledge-Augmented Encoder (¢)j \\»[Knowledge—Augmented Encoder (¢ )]
ga AnSwer massssasasananae: -~ Answer -------.
\ [MASK] = pyramidion (y) ' | 60 degrees (y) !

(a) REALM in pretraining (b) REALM in supervised fine-tuning and inference


https://arxiv.org/abs/2002.08909
https://arxiv.org/abs/2002.08909
https://proceedings.mlr.press/v162/borgeaud22a.html
https://openreview.net/forum?id=22OTbutug9

[Tpobnembl RAG

e Lostinthe Middle (Liu et al., 2024)

— Input Context

technology)

Physics) ...

Answer:

Document [1] (Title:
Document [2] (Title:
Document [3] (Title:

Document [4] (Title:
Document [5] (Title:

Write a high-quality answer for the given question
using only the provided search results (some of
which might be irrelevant).

Asian Americans in science and
List of Nobel laureates in
Scientist)

Norwegian Americans)
Maria Goeppert Mayer)

Question: who got the first nobel prize in physics

—Desired Answer

Wilhelm Conrad Réntgen

(a) Multi-document question answering

CS Spcace
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20 Total Retrieved Documents (~4K tokens)

Accuracy

1st 5th 10th 15th 20th
Position of Document with the Answer

=@ gpt-3.5-turbo-0613
- = gpt-3.5-turbo-0613 (closed-book)

(b) Accuracy as a function of answer position



https://aclanthology.org/2024.tacl-1.9/
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[Mpobnembl RAG

e A rnaBHO€ — NOJIyYeHHblEe 3HAHUA HECTPYKTYPUPOBaHbI, U 3aja4dn Tuna “uronka B ctore
ceHa" 34eCb He MOMOrYT, OHWN He NPO TBOPYECKYO 06paboTKy Bblgaym Nomcka

@ Sherlock_Jr.mpd

Gemini 1.5 Pro: Sherlock Jr 7

(<) Image [k Video [3) File [ Folder -

I. GOLDMAN & CO.
Pawn Brokers
800 MAIN ST.

%43
WATCH & CHAIN
b 4}.0_2

Y/ ] ﬁﬂi

[k Sherlock_Jr.mp4 192+

Find the moment when a piece of paper is removed from the
person's pocket and tell me some key information on it, with the
timecode.

T O et ATV

Model

At 12:01, a piece of paper is removed from the person's pocket. It is a
pawn ticket from |. Goldman & Co. Pawn Brokers, dated 10/23/1924,

for a watch and chain pawned for $4.00. The ticket is signed by Will
Smith.
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[padbl 3HaHU U RAG

e [padbl sHaHu (knowledge graphs) ka)kyTcsi MHe HeOOLEHEHHbBIMM; 3TO XOPOLLIO
pasBuTas obnactb (Hogan et al., 2022; Ji et al., 2021; Heist et al., 2020; Yan et al., 2018),
HO KaXXeTCsl, YTO MX MOXXHO 6bl/10 6bl UCMONb30BaTb Yalle

Hans Albert The theory
Einstein of relativity

(Albert Einstein, BornIn, German Empire)
(Albert Einstein, SonOf, Hermann Einstein)
(Albert Einstein, GraduateFrom, University of Zurich)

TheoryOf —>

7

(Albert Einstein, WinnerOf, Nobel Prize in Physics) SonOf
roposedBy ExpertIn
(Albert Einstein, ExpertIn, Physics) AT AwardIn
(Nobel Prize in Physics, AwardIn, Physics) Einstein /¢
Nobel Prize

(The theory of relativity, TheoryOf, Physics)

(Albert Einstein, SupervisedBy, Alfred Kleiner) Bomln .
(Alfred Kleiner, ProfessorOf, University of Zurich) (ée@an GraduateFrom  SUPervisedly
(The theory of relativity, ProposedBy, Albert Einstein) .

.
<«— ProfessorOf i ined
(Hans Albert Einstein, SonOf, Albert Einstein) Kleiner

in Physics



https://link.springer.com/book/10.1007/978-3-031-01918-0
https://ieeexplore.ieee.org/document/9416312/
https://arxiv.org/abs/2003.00719
https://link.springer.com/article/10.1007/s11704-016-5228-9

CS Space
e Wangetal. (2023): Ky Texsonorwi 1 Hays

I'pacbbl 3HaHU N RAG chain-of-knowledge prompting

1 | %
1
fb}Exemplaﬁ Exempa Exemplar
1 #1 #K
was out at third.' A3 23 1
A: Let's think step by step. I . - .
1
i

Q: Is the following sentence
plausible? 'Joao Moutinho

1
1
1
1
1
; Q: Is the following sentence plausible? |
Zero-shot Reasonin
? * anwledge Baso 'Derrick White backhanded a shot.' Knowledge Base 1
@ um i lcc - =-=-=-c-—o v |
Chain-of-Thought ¢ LA?‘EAf Frompt I >| Factuality Verificationl !
; 1
Retrieving Annotators — If unreliable, I N %
Chain-of-Knowledge let's rethink. y i1 1. (Derrick White, isA, bask- '
i ¢ y i, etoall player) 'y
Exemplar #1 N Output ~N g 50 2. (backhanded shot, is co- : .
Q: Is the following sentence plausible? 'Joao Moutinho I Evidence t_rlp_le§ """""" 1 . 5 mmqnly sed in, hockey or | ,
was out at third. ' 1. (Derrick White, isA, basketball player) | o S gt :_tfnfls_) O
. . . ; 2. (backhanded shot, is commonly used i - AR |
Evidence triples: L in, hockey or tennis) I : 1.0
1. (Joao, isA, soccer player) | ) STttt e i . e 1 \ 4 |
2. (being out at third, is part of, baseball) ' Explanation hints: Backhanded shotis :+:--- Faithfulness Verification» 09 |
] . %
commonly used in hockey or tennis, but I !
Explanation hints: Being out at third is part of baseball, ' hotin bagketball. o : i (e e i —-— -
yet, Joao Moutinho is a soccer player. e I If reliable, IOUtPUf the answer.
A: No.
\_A: No. r _ ) No.

Exemplars Construction Chain-of-Knowledge Reasoning F2-Verification



https://arxiv.org/abs/2306.06427

e Pengetal. (2024): ecnu CS Space

MCKaTb CTPYKTYPUPOBaAHHbIE TPUMNETbI,

[padbl 3HaHU U RAG

Query

How did the artistic movements
of the 19th century impact the
development of modern art in
the 20th century?

Response

The artistic movements of
the 19th century influenced
modern art in the 20th
century by encouraging
experimentation with color,
form, and subject matter.
These movements paved
the way for abstraction,
expressionism, and other

innovative. X

Query

How did the artistic movements @
of the 19th century impact the >
development of modern art in

the 20th century? Retriever

\

1. Impressionist artists like
Claude Monet introduced new
techniques that revolutionized
the depiction of light and color.
v 2. The Impressionist techniques
influenced later art movements.
LLMs <« 3.Pablo Picasso pioneered
Cubism, which radically
transformed the approach to
visual representation.

4. Cubism emerged in the early
20th century and challenged
traditional perspectives on art.

Retrieved Text

v Response

Impressionist artists like Claude Monet in the 19th
century introduced new techniques that influence
later art movements. Pablo Picasso pioneered
Cubism relativity in the early 20th century. x

OTBE€Tbl CTAHOBATCA TOYHEE

Query

How did the artistic movements @
of the 19th century impact the >
development of modern art in

the 20th century? Retriever

\

- (Claude Monet) - [introduced] -
(new techniques)

- (new techniques) —
[revolutionized] - (depiction of
v light and color)

- (Impressionist techniques) -
LLMs <= [influenced] - (later art
movements)

- (Pablo Picasso) - [pioneered] >
(Cubism)

- (Cubism) - [emerged in] - (early
20th century)

:é Retrieved Triplets

v Response

Monet introduced new techniques that revolutionized
the depiction of light and color. His Impressionist
techniques influenced later art movements, including
Picasso's Cubism, which emerged in the early 20th
century. This influence helped shape Picasso's
innovative approach to fragmented perspectives.



https://arxiv.org/abs/2408.08921v1
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[padbl 3HaHU U RAG

e |uoetal (2024): reasoning on
graphs (RoG)

Knowledge Graphs (K6Gs)

Relation Paths Z /7 Q( z[?q, g) @ Retrieval \ Reasoning Paths Wz

: - ; born_i ity_of
“llsborndn 5 chap s ; 0 Joe Biden ———="", Scranton —— = USA
12 2 graduatgn_from s 19cated71n ot TsTEEEsEEEEEm ] graduate from located_in
#3 : profession — work_in — city_of | , planning Optimization : Joe Biden ——————————— University of Delaware ——— USA

8 o i i Ve

Prompt: Please generate Py(z|q) <:JJ Prompt: Please answer the

helpful relation paths for Planni R ; question based on the reasoning

answering the question. @ Planning ® Reasoning paths and explain why.

Answer: The answer is

Question: What is the — &
USA, because .....

Large L Models (LLMs) =———>
nationality of Joe Biden? e g% Language Models ¢ =) Py(alg, 2,G)

(—1 m LE_ ...... Q .......

1
Inference Finetuning Reasoning Optimization !



https://openreview.net/forum?id=ZGNWW7xZ6Q

[padbl 3HaHU U RAG
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e |luoetal (2024): reasoning on
Question | What type of government is used in the country with Northern District? Question | Where is the home stadium of the team who won the 1946 World Series championship?
Answer | Parliamentary system Answer | Busch Stadium
: ) : > o Step 1: Identify the team that won the 1946 World Series championship. The team that
ChatGPT + CoT | To determine what type of government is used in a country with a Northern District, we won the 1946 World Series championship was the St. Louis Cardinals.
need more specific information. The term "Northern District” does not specify the name ) ) ) ' _ _
of any particular country or provide enough context to identify its government type. Could  ChaGPT + CoT Step 2: Determine the home stadium of the St. Louis Cardinals during that time. The St.

you please provide additional details or clarify the specific country you are referring to?

Reasoning Paths

Northern District — location.administrative_division.first_level_division_of — Israel —
government.form_of_government.countries — Parliamentary system

RoG

The type of government used in the country with the Northern District is a Parliamentary
system.

Explanations:

1. Northern District — location.administrative_division.first_level _division_of — Israel:
The Northern District is a part of Israel.

2. Israel — government.form_of_government.countries — Parliamentary system: Israel has
a Parliamentary system of government.

So, by following the reasoning paths provided, we can conclude that the country with the
Northern District, which is Israel, uses a Parliamentary system of government.

Louis Cardinals’ home stadium during the 1946 season was Sportsman’s Park.

Therefore, the possible answer to the question "Where is the home stadium of the team
who won the 1946 World Series championship?” is: - Sportsman’s Park.

Reasoning Paths

1946 World Series —+ sports.sports_team.championships — St.  Louis Cardinals —»
sports.sports_team.arena_stadium — Busch Stadium
1946 World Series — sports.sports_team.championships — St.

sports.sports_team.arena_stadium — Roger Dean Stadium

Louis Cardinals —

RoG

Based on the reasoning paths provided, the home stadium of the team who won the 1946
World Series championship is Busch Stadium. This conclusion is based on the following
path:

1. 1946 World Series — sports.sports_team.championships — St. Louis Cardinals —
sports.sports_team.arena_stadium — Busch Stadium

The reasoning path leads us to the St. Louis Cardinals as the team that won the 1946
World Series, and Busch Stadium is the stadium associated with the St. Louis Cardinals.
Therefore, Busch Stadium is the home stadium of the team that won the 1946 World Series
championship.

(a) RoG gathers additional knowledge to answer a question

(b) RoG successfully avoids hallucination


https://openreview.net/forum?id=ZGNWW7xZ6Q
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RAG: ntoru

Hukakoro KOHTEKCTa He XBaTUT Ha BECb MHTEPHET, UCKaTb
BCE paBHO 6yAeT HY)XXHO

RAG — 0AHO 13 rnaBHbIX HanpasB/ieHN UCNOJSIb30BaHUA
MHCTPYMeHTOB Ania LLM (ecTb 1 gpyrue), BaxkHoe
HanpasfieHne ANna ganbHenLWwnx ynyyteHun

ECcTb MHOro pasHbix NOAXOA0B, B TOM YMCIlE OYEHb
npocTble: In-context RALM (Ram et al., 2023) npocTo 6epéT
BCE HallfleHHble AOKYMEHTbI U 106aBAET UX K 3anpocy Ans
LLM, 1 TOXXe BCE paboTaeT

| Retriever -~ i e et

World Cup 2022 was the /! 4 l—anguage . 48inthe 2026

last with 32 teams, e World Cup 2022 was the Model tournament.
before the increaseto T 7T - » |ast with 32 teams, before
the increase to



https://aclanthology.org/2023.tacl-1.75/

8. PaccyxgarlLjue cetu

HanpacHbl Bce npefcKasaHus, Bce pacCyXX[eHus o
TOM, YTO C BaMW MOXET 6bITb, KOraa Bbl Nof,
B/IAaCTUIO BaLlen CTPaCTU: yBJiedeHne cepaua
nepemMoraeTt Bce KpacHopeynBble peun. Ham Hy>kHa
Apyrasa BoJsid, U OHa Toraa ToJsibKo NPUAET, Korga
Hallle KOBapCTBO Hac NOpPAAKOM HaKaXeT... U Mbl
NOYYyBCTBYEM B TOM A1 Ceb1 yLepo, YTO Mbil...
octaBunu bora. Torga TonbkKo cTpax boXuin K Ham
BO3BpaTUTCA.

ABpoTbA [nuHKa. [NlogHeBHbIe paccy)XxgeHuns
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Chain of Thought

e Weietal,2022: ewé Ha aTane few-shot prompting ntogn samMeTnnu, 4To ecnun gaBaTtb
Mofenu 6onee

Standard Prompting Chain-of-Thought Prompting
noapo6HbIe
NPpUMeEpbI, TO Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans D
KauyecTBO tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
OTBETOB A: The answer is 11. 5. 2 cans of 3 tennis balls
11. The answer is 11.
B UTOre Q: The cafeteria had 23 apples. If they used 20 to
Bbl p acTteT make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
Co they have? J make lunch and bought 6 more, how many apples
\do they have? J

A:

A: The answer is 27. x )
The
answeris 9. 4/



https://arxiv.org/abs/2201.11903

Let's think step by step

e Kojima et al. (2022): noMmoraeT gaxke npocTto Aob6aBuThb “Let’s think step by step”!

(a) Few-shot

@oger has 5 tennis balls. He buys 2 more cans of terQ

balls. Each can has 3 tennis balls. How many tennis balls does
he have now?
A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The answer is 8. X

o /

(c) Zero-shot

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(Output) 8 X

(b) Few-shot-CoT

ﬁRoger has 5 tennis balls. He buys 2 more cans of ter@
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The juggler can juggle 16 balls. Half of the balls are golf

balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
We. So there are 8/ 2 = 4 blue golf balls. The answer is 4. //
(d) Zero-shot-CoT (OQurs)

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls
are blue. That means that there are 4 blue golf balls. v
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https://arxiv.org/abs/2205.11916

OT Chain-of-Thought k Graph-of-Thought

e \Wang et al. (2022): Chain-of-Thought with Self-Consistency (CoT-SC)

Chain-of-thought
prompting

Self-consistency

ﬂ: If there are 3 cars in the parking \
lot and 2 more cars arrive, how many
cars are in the parking lot?

A: There are 3 cars in the parking lot
already. 2 more arrive. Now there are
3 +2=>5cars. The answer is 5.

Q: Janet’s ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How
much does she make every day?

& /

Language

model

Language

model

Greedy decode

This means she uses 3 + 4 = 7 eggs every day.
She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

The answer is $14.

Sample a diverse set of
reasonlng paths

e e me e

She has 16 - 3 - 4 = 9 eggs
left. So she makes $2*9 = | The answer is $18.
$18 per day. | )

I ™

This means she she sells the
remainder for $2 * (16 - 4 - 3) The answer is $26.

= $26 per day.
[ |

4
She eats 3 for breakfast, so | h
she has 16 - 3 = 13 left. Then I
she bakes muffins, so she I The answer is $18.
has 13 - 4 = 9 eggs left. So :

she has 9 eggs * $2 = $18.
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The answer is $14. ]

',Ii'.he;a‘ns_wengris.ﬂ;&.]

Marginalize out reasoning paths
to aggregate final answers



https://arxiv.org/abs/2203.11171
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OT Chain-of-Thought k Graph-of-Thought

e |Long(May 15,2023): Tree-of-Thought yepes KOHTpoONIEP C OTKATOM MO AepeBy

Problem description
from the user

— i l— \

control

prompt Prompter signals TOT
agent controller
A

!

conversation and
node visit history

——» Search guided by LLM
Checker

module solution

intermediate

_____ » Backtrack by ToT

controller response

,- -
\~ —


https://arxiv.org/abs/2305.08291
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OT Chain-of-Thought k Graph-of-Thought

e Yaoetal (May17,2023): Tree-of-Thought c ronocoBaHvem nnun gpyrum mMexaHn3mom

S i
|
]

L 4 N -/

' Y Majority vote

(a) Input-Output  (c) Chain of Thought  (c) Self Consistency
Prompting (1O) Prompting (CoT) with CoT (CoT-SC)

(d) Tree of Thoughts (ToT)


https://arxiv.org/abs/2305.10601

OT Chain-of-Thought k Graph-of-Thought
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e Yaoetal (May17,2023): Tree-of-Thought c ronocoBaHvnem nnum gpyrum mMexaHn3mom

Passage Passage

1

=%
T

=

s

2

(a)

Input

(b)

Plans

(c)

Votes

Plan 1

Write a coherent passage of 4 short paragraphs. The end sentence of each paragraph must be: 1. It isn't
difficult to do a handstand if you just stand on your hands. 2. It caught him off guard that space smelled of
seared steak. 3. When she didn't like a guy who was trying to pick her up, she started using sign language. 4.
Each person who knows you has a different perception of who you are.

1. Introduce and explain the technique
of doing a handstand 2. Switch to a
story about an astronaut's first time in
space 3. Describe a situation where a
woman uses sign language to avoid
unwanted attention 4. The final
paragraph explains how everyone has
different perceptions of others
sl ltoilbund)

Plan 2

1. Introduction to an unusual self-help book,
mentioning a handstand as a metaphor for
embracing challenges. 2. Discuss the unexpected .
things learned from astronauts, including the smell of 2.
space. 3. Describe a woman's clever tactic for avoiding
unwanted attention at a bar. 4. Contemplate how
different perceptions of oneself can shape one's

identity.

Plan 3-5

—_—

0/5 votes

S —

LI

I g

3/5 votes

“ | n/5votes

a

)

2
!

Analyzing each choice in detail: Choice 1, while incorporating the required end sentences, seems to lack a
clear connection between the paragraphs {..} Choice 2 offers an interesting perspective by using the
required end sentences to present a self-help book's content. It connects the paragraphs with the theme of
self-improvement and embracing challenges, making for a coherent passage. {..} The best choice is 2.



https://arxiv.org/abs/2305.10601
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e Besta et al. (2023): nornyHbli cnegyowmi war — rpad

onepauMVl C BOSMOXXHOCTbIO arperauumu

Legend Architecture overview

Gray block External entity Prompt ’ Thought 4" Score Goa‘}: Initiate, cgor(c}liqlgte, manage,
4 and progress the GoT execution —

Module of the
Blue block GoT framework OOperalion — Dependency
~

s % Thought state + its : Thought state =
Thought state associated operations + thought's score User =
API for Controller Goal: Build a pmmm
to be sent to the LL \l Yy
= //LLM params: model used, temperature, max tokens, api key, org, ... )|
= //LLM cost features: prompt token cost, response token cost, ...
= //Instances of Prompter + Parser + Graph of Operations, < Prompter
= //Any additional input parameters (e.g., numbers to be sorted). LLM a.
Available operations when building the GoO (extensible) sy  Parser >
= Generate, Aggregate, Score, ... /see Prompter API
= KeepBest (N) //preserves N best scoring thoughts . ?oal: ‘Exlr?ct _/
= Repeat (k) /Repeat a given operation k times, generating k thoughts. Iniormation Irom 5
//For example, this enables "Aggregate” to generate multiple outcomes LLM thought Gnlillfll.hleyS %efs[sh[ehe
//of the combination operation. Each such thought is maintained rL‘LM'S solution
//within the Graph Reasoning State and scored individually. @

i Human € Scoring & €
API for Prompter (extensible) or LLM _#™_ validation £~

= Generate(t, k) /generate a prompt for k new thoughts, using thought t
= ValidateAndImprove(t) //generate a prompt to enhance thought t,

Controller

Gosl: Specry [T
oal: ecl .
LM thought  Operations
[ransformallons

Graph Reasoning State

Goal: Maintain
the ongoing LLM
reasoning process

AT

Ranking Goal: Indicate the
top-scoring thoughts

= Aggregate(t1, ..., tk) /generate a prompt to combine thoughts t1, ..., tk Specifying the structure of the Graph of Operations (GoO)

= Score(t) //score thought t

= Validate(t) /generate a prompt to validate the correctness of thought t Graph of Operations enables seamless specification of not only
GoT, but also existing schemes such as CoT, CoT-SC, ToT

API for Parser (extensible) Q O . O O

ParseGenerate, ParseImprove, ParseScore, O O

ParseAggregate, Parsevalidate, ... O—'o éo
S oIS

//Each of the above routines is responsible for parsing an LLM thought
//to a corresponding Prompter routine (e.g., ParseScore parses Score).
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ASONING



https://arxiv.org/abs/2308.09687
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OT Chain-of-Thought k Graph-of-Thought

e leietal (2023): no6aBnAKOT y3/bl, KOTOPble 0606LAIOT TO, YEMY MOJESb HayYunachb

N3 npeabiayLnx y3nioB, U AobaBnsaeT pesynbraT Kak yC/ioBus Ans ganbHenLWmnx
paccy>xaeHunu

@ Condition

@ Target
@ Thought

® AND-Crossroad
— One-way path

— Promising path

O Intermediate node
O Final target
(O Condition node

Graph:
{A: {(B, C), (D, E), (F)},
B: {(2, 3)}, C: {(1, 2)},

D: {(C, G)}, E: {(F, H)},
T T 0B @ O;hdus
(d) ToT (e) Our Graph of Thought (GoT) H: set(), I set()}

(a) Comparison of approaches by Lei et al. (2023) (b) Sample toy graph by Lei et al. (2023)

(a) Standard I-O

- - o = - - - - - -

(c) SC-CoT



https://arxiv.org/abs/2308.08614
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OT Chain-of-Thought k Graph-of-Thought

e Zhang et al. (2024): nonapHble CpaBHEHUSI BMECTO OT/AE/IbHbIX KOHTPOJ/IEPOB

Chain-of-Thoughts Score-based Tree-of-Thoughts (S-ToT) Comparison-based Tree-of-Thoughts (C-ToT)

Input Input

s ¥

#1

Input

¢ ¥ &

Pairwise-
#3 Comparison 1

‘243

e o iy

Ise-

Comparlson 2

. Intermediate thoughts
are compared by LLM ‘

I Intermediate thoughts

Output : are scored by LLM

Output



https://arxiv.org/abs/2402.06918
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Chain-of-Thought Multiple Tree-of-Thought Graph-of-Thought UnyG TexHonorAA v HayKy
(CoT) Chains-of-Thought (ToT) (GoT)
Wei et al., Jan 2022 Wang et al., Long, May 2023 Besta et al., August 2023
Kojima et al., May 2022 March 2022 Yao et al., May 2023 Lei et al., August 2023 o |/|TO ro
| t
;""Q” nony-
HaeTCAd
/N /4 N\ TakK

s
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Algorithm-of-Thought

e Seletal. (2023): Algorithm-of-Thought; kaxkabi y3en gepeBa — war B aifOPUTME, U
MoZeNb NopoXkaaeT cnefyoLwmi Wwar no pesynbTaTtam npegblayLiero

@ it

Us RN

Standard Prompting  Chain of Thoughts Tree of Thoughts Algorithm of Thoughts


https://arxiv.org/abs/2308.10379

CS Spcace

Kny6 TexXHONornim n Haykm

CemMmenctBo moaeneun ol

e Ho BCE nameHunnoco, korga nossBuIoCcb ceMencTeo Mmogenen ol ot OpenAl

e [leTanu He pasrnawanuce, system card rosopuna Tak: “The o7 large language model
family is trained with reinforcement learning
to perform complex reasoning”; kak aT0?

Actions:
thoughts,

partial

\

RL Environment

Rewards:
evaluation
; of the
BN answers



https://cdn.openai.com/o1-system-card-20241205.pdf
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Process Reward Models

e Uesatoetal. (2022): 06bI14HO B RL MOXHO HarpaziaTb TOJIbKO KOHEYHbI pe3ynbTar;
Ho B chain-of-thought mbiwneHnn LLM BbIBOAUT MbIC/IKN, KOTOPbIe B NPUHLIMME MOXXHO
oLUeHMBaTb CaMOCTOATESIbHO

e Process reward model (PRM) o6y4yaeTcsi oueHnBaTb NMPOMEXYTOYHbIE Laru

Final Answer RL ( Full Solution Samples ] E‘""’ Answer ( Filtered Full Solution Samples ) .
—= Input Question
[ i oo ) [y E— ) R ) L—————j
GSMB8K l ] | , ) i \ Generated Samples
Problems - i i
Y I I ) ( ) ¥ g J | )
ORM-RL ( Full Solution Samples ) orRM Score ( Filtered Full Solution Sample ] :] Final Answer
GSMBK h ( J “ J :] ( | Solution Step
[ 1.5 | w
Problems [ ) ", - [ ) > { ) [ ) Selected Sample
) ) | . (S |02
PRM-RL ( Full Solution Samples ] [ Filtered Full Solution Sample ]
~ PRM Score 'PRM Score PRM Score >
| N [ = ( ] |08 ( ) | | R
G ( e~ ‘ E— g
Problems b o S ™
) ) | ) 21— > S |
e —



https://arxiv.org/abs/2211.14275
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Process Reward Models

¢ LI CI htm an et a l = The denominator of a f&ct‘ion is 7 less than 3 times the numerator. If the fraction is equivalent to 2/5, what is the numerator of
(O DenAl 2024) . the fraction? (Answer: [ 14)
Let'S Verlfy () ® @ Let's call the numerator x.
Step by Step a = ® @ So the denominator is 3x-7.
[IABANTE Soaecososmssmonoosssomssonssossuon s s e s RS 053
o6yq UM PRM 3 ® & We know that x/(3x-7) = 2/5.
BbIACHATb, rae ® O D So5x=2(3x-7).
MMEHHO B ®E @ 5x=6x-14.

paccyXXaeHusx OO® sox-7.
oLwmnbKa



https://openreview.net/forum?id=v8L0pN6EOi
https://openreview.net/forum?id=v8L0pN6EOi

Lightman et al.

(OpenAl, 2024):

Let's Verify
Step by Step -
faBanTe
o6y4ynm PRM
BbIICHATb, e
MMEHHO B
pacCyXXAeHUsX
oLInbKa

Process Reward Models

Let

a® + 32" — 4 = py (2)pa(z) - - pi(),
where each non-constant polynomial p;(z) is monic with integer coefficients, and
cannot be factored further over the integers. Compute p;(1) + pa(1) + -+ + pi(1).

I notice that the given polynomial has even degree and only even powers of z, so I can try to
make a substitution to simplify it.

Let y = z*, then the polynomial becomes y* + 3y — 4, which is a quadratic equation.

I can factor this quadratic equation as (y + 4)(y — 1), so the original polynomial is (z* + 4)(z* — 1).

Now I need to factor each of these factors further, if possible, over the integers.

For the first factor, 2% + 4, I recall the Sophie Germain identity, which says that a* + 4b* =
(a® + 2b* + 2ab) (a® + 2b* — 2ab).

Applying this identity with a =z and b =1, I get z* + 4 = (2 + 2z + 2)(2* — 22 + 2).

For the second factor, z* — 1, I can use the difference of squares formula, which says that
a*— b = (a+b)(a—1b).

Applying this formula with a = z% and b= 1, I get z* — 1 = (22 + 1)(z* - 1).

Then I can apply the difference of squares formula again with a = z and b= 1, to get > — 1
=(z+1)(z-1).

So the original polynomial is (z* + 4)(z* — 1) = (2% + 2z + 2)(2? — 2z + 2)(z* + 1)(z + 1)(z — 1).

These are all the irreducible factors over the integers, so p;(z) = 2% + 2z + 2, pa(z) = a° — 22 + 2,
p3(e) =2*+ 1, pa(z) =2+ 1, and ps(z) =z — 1.

To find the sum of their values at z = 1, I just need to plug in = 1 into each factor and add
them up.

Igetpi(1) =12+2-1+2=5p(1)=12—-2-142=1,p3(1) = 12+ 1=2,py(1) =1 +1=2,
and p5(1) =1—-1=0.

So the final answer is 5+ 142424 0= 10.

Answer: 10
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Let

2® + 32" — 4 = py(@)pa(z) - - pa(2),
where each non-constant polynomial p;(z) is monic with integer coefficients, and
cannot be factored further over the integers. Compute p;(1) + pa(1) + -+ + pr(1).

This problem is about factoring a polynomial over the integers, which can be a tricky task.

One possible strategy is to look for rational roots of the polynomial, using the rational root
theorem.

However, that would involve checking a lot of possible factors of —4, and there is no guarantee
that the polynomial has any rational roots at all.

Another possible strategy is to use some algebraic tricks to simplify the polynomial or reduce
its degree.

I notice that the polynomial has only even powers of z, so I can try to substitute y = 2* and
see what happens.

Then the polynomial becomes y* + 3y? — 4, which is a quadratic equation in y*.

I can try to factor this quadratic equation by looking for two numbers that multiply to —4 and
add to 3.

Those numbers are 4 and —1, so I can write y* +3y* —4 = (y* +4)(y* — 1).
= (z* +4)(z* - 1).
This looks promising, because T have reduced the degree of the factors from 8 to 4.

Now I can substitute back > = y and get z® + 3z* —

I can try to factor each of these factors further, using the difference of squares formula.

I can apply the dlfference of squares formula. again to the last factor and get z® + 3z —4 =
(2% +2)(z% - 2)(z% + 1)(z + 1)(z — 1).

Now I have factored the polynomial completely into monic linear and quadratic factors with
integer coefficients.
These are the p;(z)’s that the problem is asking for.

To find the sum of their values at z = 1, I just need to plug in z = 1 into each factor and add
them up.

Lget pi() +pa(1) + -+ pall) = (17

2)(12-2)@+1(1+1)A~-1).

Sunpllfylng, I'get m(l) +p2(1) + -+ pe(1) = (3)(-1)(2)(2)(0).
3 ; )



https://openreview.net/forum?id=v8L0pN6EOi
https://openreview.net/forum?id=v8L0pN6EOi
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Process Reward Models

. Xiaetal 2020)

ReasonEval ¢ TeM xe p— @™ ™
.
C M bl Cﬂ O M Svalidity Sredundancy
Step 1: We can simplify the square root of 242 by factoring it into its prime factors. [ () 35 0.05 )
) A 4yTO Aenaet 01 7 Step 2: The prime factorization of 242 is 2 * 11 * 11. (0.85 0.05 )
Step 3: Let’ check it. The prime factorization of 242 is 2 * 11 * 11.[ <------------ {0.75 ]

HewnsBecTHO, 1 nroaun
Step 4: By the property of square roots, we know that Vab = v/a * Vb for any

Cpa3y MnonbiTasINCb non-negative numbers a and b. Applying this property to V2 * 11 * 11, we have (0.95 0.05 )
V2« V112,
ernmymnpoBartb
p L" p Step 5: By the property of square roots, we know that Va? = a for any non- _
negative number a. Applying this property to V112, we have 11. (L0.80 0.05 ]

Step 6: By combining the results from step 4 and step 5, we have . <
V2x11%11=11xV2.

Answer: 11v/2 |V/ I

-



https://arxiv.org/abs/2404.05692
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[Tpumep: O1 Journey

e [lpumep — Generative Al Research Lab (GAIR) us LLaHxas; Qin et al. (Oct 2024):

7 ]mmyh

T A"“'YS'S tool Shortcut learning
Human check

Reﬁne thoughts ) Journey learning

——— e

= OlympicAre!
X Gaokao
2 O1 examples

~\

327 training samples

/ %
470 \
' 42.8

34.8
o - % ! iﬂ— J
A Multi-path Exploration of . Backbonel Backbone2

Constructing Long Thoughts Iterative Improvement Current Results

I'\
|
1 09/12/2024 09/21/2024 09/27/2024 10/08/2024



https://arxiv.org/abs/2410.18982
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[Tpumep: O1 Journey

e T[lpumep — Generative Al Research Lab (GAIR) ns LaHxas; Huang et al. (Nov 2024):

O7 _Jrurrey

ol-preview
[(Jours [ ] ol-mini

| 90.0
5 Distill lass &3 [
Cas DIS 85.5
@ 21/30: T
Essence ( YR 13/30 : 1
& /v U/: = 12/30 | [
|5 : ‘ | ‘
\fx.;—/' #7. i i : |
The “Shortcut” Path to ::Lgv | AIME2024 MATH500
O1 Replication Cognition Distillation Current Results

R
]/

1 09/12/2024 10/08/2024 10/30/2024 11/22/2024



https://arxiv.org/abs/2411.16489v1
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[Tpumep: O1 Journey

e T[lpumep — Generative Al Research Lab (GAIR) us LLanxas; Huang et al. (Jan 2025):

7 ]WW

Models (Pass@1) 87.98%
wh= Quwen25-728 w/ Majority Voti e
e el Ma)orlfy‘\::“lmgw ik 86 48%
85
TS - Ky g
~~ Complex clinical > g 80-
problems! Can we <
H 74.63%
apply inference 5 i
_time scaling?



https://arxiv.org/abs/2501.06458
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[Tpumep: O1 Journey

e Zhang et al. (2024): o1-Coder, no6aBunn PRM n MCTS

SVM - DNN-> Transformer >—> Pre-Training (SSL) = Post-Training (RL) >~ Inference

Scalable Model Infinite Data
losst
: high cost, sparse
. low quality reward
Sealing law SFT > RLHF > o1 (selfplay+RL)

instruction data 4 preference data process reward data

! !
I 1
1

. ErE-Ira_ining Y X
~ - P .

Pre-Training +> <~~~ o "re-Training + RL to explore RL to generate process
Post-Training + T POSt_Tralr"ng hlgh—quallty data reward data

Inference

»

computation power



https://arxiv.org/abs/2412.00154?utm_source=chatgpt.com
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DeepSeek-V3

e A YTO XXe Aenasn Haw KUT B KOMHaTe, To ecTb DeepSeek?
e CHayvana DeepSeek-V3; multi-token prediction: &deepseek

concatenation concatenation

Transformer Block X L ]

[ RMSNorm ] [ RMSNorm ] [ RMSNorm ] [ RMSNorm ]
L3 4 4 4

I 1

[ Embedding Layer ] [ Embedding Layer ]

___________ et ool W s

Input Tokens ty ty t3 ty t, t3 ty ts t3 t4, ts t6

I

[ Embedding Layer ]

Target Tokens ty ty ty ts t3 ty ts te ty s te ty
[ Cross-Entropy Loss ]—* Lyain [ Cross-Entropy Loss ]—' Lyrp [ Cross-Entropy Loss ]—' Lirp

__________________ 5 i T A e Y s T 3

 Main Model | ' MTP Module 1 ' | MTP Module 2 :

I (Next Token Prediction) : | (Next? Token Prediction) : I (Next® Token Prediction) 1

| I 1
1 ! 1

: [ Output Head ] i : ( Output Head ) : ( Output Head ) :

: 1 t T !

1 ! 1 :

\\ : : Transformer Block : Transformer Block I

|

. : I : .

i 1 1 !

I : [ Linear Projection ] : [ Linear Pro;ect:on ] :

: ! 1 1

1 | 1 1

1 ! 1 1

1 ! 1 1

1 ! 1 1

1 i i I

| ! 1 :
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DeepSeek-V3

e A YTO XXe genan Hall KUT B KOMHarTe,
TO ecTb DeepSeek?

C] Routed Expert
[:] Shared Expert
634] J

Transformer Block xL

e (CHayvana DeepSeek-V3

I

[ RMSNorm

e Key-value caching (He 6ygem
yrnyénsartbcsa), mixture-of-experts

D
P

e Cached During Inference
ki S Output Hidden u, (5O ~ - OOO0)
i

l

]
]
]
1
RMSNorm J :
1
1
1

e B obuwem, xopollasi coBpeMeHHas
LLM

& [ Multi-Head Attention ]
T

OO ~OO0)atent ¢?

Input Hidden h, [(OOOQO - -~ OOO0)]

_________________________________________
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DeepSeek-R1

A notom u DeepSeek-R1

R1-Zero: uncTbin RL Ha npoBepseMbix 3agadax

DeepSeek-R1-Zero AIME accuracy during training

—8— rl-zero-pass@1

—8— rl-zero-cons@16
=== 01-0912-pass@1
=== 01-0912-cons@64
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& cdeepseeck

DeepSeek-R1-Zero average length per response during training

12000 -

10000 A

8000 -

6000 -

4000 A

2000 A

2000 4000 6000 8000
Steps



DeepSeek-R1

e A notoMm u DeepSeek-R1

e KcTtaTu, B RLy DeepSeek Toxe 6b1710 HOBLUeCcTBO: GRPO

Policy gradient with a
single policy model
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& cdeepseeck

Actor-critic algorithm
with two models

Actor-critic

Remove critic to

> (later A3C, A2C)
1999

Trust region

Unconstrained R(E:)t:l;gﬁg)E Add critic for V(s)
opt|m|zat|on 1992 ’ to reduce varlance?
. Group policy
Cotps’gral?ed (GRPO)
optimization 2024

- reduce memory costs L

(TRPO, PPO)
2015
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DeepSeek-R1

e R1: cHayana cobepém maneHbkuin chain-of-thought
nataceT (HecKonbKo Tbicsy npumepoB) ans cold start

e [loTOM y>Xe RL Ha nony4yeHHOU Moaenu

e [locne cxogumocTu RL ewé cobepém aaTaceT 13
reasoning traces aton mogenu, oThubTPyeEM Mo
YMTabenbHOCTU N KAKUM-TO BHELUHUM NPU3HaKaMm

e Cpenaem SFT Ha aTOM paTaceTe

e A notom euweé RLHF kak 06bl4HO NoBepx
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P93yﬂbTaTbI Xopouwiune, “ BOO6LLI,€ MoZAeJ1b NoJiyvHnsiaCb XopoLluaa

DeepSeek-R1

DeepSeek-V3

OpenAl-ol-mini

DeepSeek-R1-32B

OpenAl-01-1217

@#w4 DeepSeek-R1

=
Q
Q
0
Q
QO
Q
m

==}

(%) 9[1IUADIdJ / Aoeandoy

-}
@
&
5
> T
o 2
© O
g g
o =
Q

=
2
7

:F
g ¢
b9

MATH-500
(Pass@1)

Codeforces GPQA Diamond
i (Pass@1)

AIME 2024
(Pass@1)
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DeepSeek-R1

e A patacet 13 800K reasoning traces, KOTOpPbIX Y HUX NONy4YnnIcs,
MOXHO MCMOJIb30BaTb A/ AUCTUNNALUN, TOXKE OYEHb YCMEeLHO

e OnATb TOT Xe ropbkuit ypok: distill, baby, distill... & deepseek

GPQA  LiveCode

Model AIME 2024 MATH-500 Diaiwiond  Bendh CodeForces
pass@1 cons@64 pass@1 pass@1 pass@1 rating
GPT-40-0513 93 13.4 74.6 49.9 329 7h9
Claude-3.5-Sonnet-1022 16.0 26.7 76,0 65.0 38.9 717
OpenAl-ol-mini 63.6 80.0 90.0 60.0 53.8 1820
QwQ-32B-Preview 50.0 60.0 90.6 54.5 419 1316
DeepSeek-R1-Distill-Qwen-1.5B 289 52.7 83.9 33.8 16.9 954
DeepSeek-R1-Distill-Qwen-7B 55.5 833 92.8 49.1 37.6 1189
DeepSeek-R1-Distill-Qwen-14B 69.7 80.0 93.9 8591 Dol 1481
DeepSeek-R1-Distill-Qwen-32B 72.6 83.3 94.3 62.1 972 1691
DeepSeek-R1-Distill-Llama-8B 50.4 80.0 89.1 49.0 39.6 1205

DeepSeek-R1-Distill-Llama-70B 70.0 86.7 94.5 65.2 57.5 1633
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DeepSeek-R1
[ CaMoe, KOHEYHO, Nopa3nTesibHOE BO BCEM 3TOM — 3TO & deepseel(

peakLMs PbIHKa :) HO 3TO YXe Apyro pa3rosop

COST | NFLX
AAPL TSLA AVGO | *2.72% | -0.58%

+3.18% -2.32% | -17.40%
csco | PpEp | Amen | mow [ -
-5.06% +3.68% | 42.73% | +1.90% L R R

GOOGL /change T

- —Nvidia =—S&P 500 NERCEL|
MSFT NVDA 4.20% - o

-2.14% | -16.97%

META
+1.91%

Jan 22 Jan 23 Jan 24 Jan 27
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s1-32B: distill, baby, distill...

e Mueninghoff et al. (2025): s1-32B, auctunnaumsa Ha 1000 npumepoB 3a $50

o nOﬂyLIVIJ'IVICb O4YeHb XOopoLlKne pe3ysibtaTtbl B PaCCy>XaAEHUAX

Mathematical Competition PhD-Level 100
Problem Solving Math Science Questions ¥
(MATH500) (AIME24) (GPQA Diamond) P 95 rl=distill
(9]

’\395 .‘60 .‘ 60 s ? g Sol Bespoke-Stratc?s s
o w
5 B ® 40] . S 90
9 ® © 50 o ¢ g
275 20 . 8 . oxl-preview
o I
O
< 65_@ Ole 40 @ LE_( ® Sky-T1

512 2048 512 2048 8192 1024 4096 8010-00 ETT 00000 A

Average thinking time (tokens) Number of Examples


https://arxiv.org/abs/2412.00154?utm_source=chatgpt.com

Accuracy (%)

60

N
o

N
o

s1-32B: distill, baby, distill...

Competition Math
(AIME24)

® 0
Forcing 2048/4096 max thinking @
tokens \ o
®
@

Ignoring end-of-thinking 2x/4x/6x and
appending “Wait” thus forcing it to continue

° reasoning when it tries to stop

1024 2048 4096 8192
Average thinking time (tokens)

62

)]
(o0}

Ul
S

Accuracy (%)

(%
o

46
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Mueninghoff et al. (2025): s1-32B, guctunnauua Ha 1000 npumepos 3a $50

N oueHb npocTbie naeun — budget forcing n ronocoBaHne — oTIMYHO paboTaoT

PhD-Level Science Questions
(GPQA Diamond)

Sequential scaling 60% accuracy
via Forcing with s1 /.

4

/
/

*--.
§ e

’.o"Parallel scaling via Majority
voting with base model
(Qwen2.5-32B-Instruct)

100,000 1 million
Output tokens (sum over all questions)



https://arxiv.org/abs/2412.00154?utm_source=chatgpt.com
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NToru

e PaccyxpjaroLine MoLenu cenyac Besge

e BaxHbin BbiBOA N3 DeepSeek-R1 — TO, YTO TaM He
ncnonbsyerca: HU PRM, Hu MCTS... okazanocsb, 4To
AoctaTto4yHo RL xopowo cnoxxutb ¢ SFT n RLHF

e HouTo 6yneT panbLue?.. LLq MA




9. Cetn KosiMoropoBa-ApHoJibaa

b ‘f‘ »
’\

[Hayka] nuwaeT Hac 4yyBCcTBa
NOYTUTENIbHOCTU, M6O YTAT NNLLb BEeLM, Ha
‘ KOTOpble He CMeloT NOAHATbL rnas. BoiBoAbl
= o\ HayKW — He paBHOCWJIbHbI JI OHU

ﬂ -y OTPUL,@HNIO HPABCTBEHHOCTU?

AHpwu lyaHkape. Hayka n HpaBCTBEHHOCTb
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Teopema KonmMmoroposa—ApHosibaa

e 13-a npo6nema lMnbbepTa: paCCMOTPUM YpaBHEHUE CeAbMOW CTENEHN B
npuBeaEeHHON hopme

' +axd+bx’+ecx+1=0.

e PellieHne 3TOro ypaBHeHUst — GYHKLUUA OT a, b 1 ¢. MOXXHO Nu e€ Bblpa3nTb
KaK KOMMO3ULMIO KOHEYHOIO Yncna PyHKLUMMA OT ABYX NEPEMEHHbIX?

e Yucno KoapbULKMEHTOB Aanblie yXKe He COKPaTUTb, MO3TOMY KaXXeTcs
NOTUYHbIM, YTO MOXXET 6bITb U HENb3S; ANs anrebpandyeckmx GyHKLUI
npo6siema 10 CUX Nop He peLleHa.

A BOT AN19 HEMNPEPbIBHbIX...
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Teopema KonmMmoroposa—ApHo/baa

e Kaxpas
MHOromMepHas
HenpepbIBHas
DYHKLMA MOXET
6bITb
npeacTaBfeHa B
Buae
cynepnosunumm
HenpepbIBHbIX
(OYHKL M OQHOM
nepemeHHom (1
C/oXKeHus)!

Vladimir
Arnold

Andre
Kolmogorov
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MOXXHO S MOCTPOUTb CETb Ha 3TOM?

e bBbl1/10 6bl UHTEPECHO
nonpo6oBaTb MOCTPOUTb
Ha 3TOM CeTn —
OL4HOMEPHYHO-TO (PYHKLNIO
Mbl KaK-HNM6yab NOCTPOUM

Walter Pitts

e ECTb KOHCTPYKTUBHOE
AoKasaTenbCcTBO (Sprecher,
1965; 1972), HO eCcTb U
pe3ynbTaTbl O TOM, YTO
byHKUMM ByayT niaoxume
(Girosi, Poggio, 1989)

VlIadimir
Arnold

Kolmogorov


https://www.ams.org/journals/tran/1965-115-00/S0002-9947-1965-0210852-X/
https://www.ams.org/journals/tran/1965-115-00/S0002-9947-1965-0210852-X/
https://www.sciencedirect.com/science/article/pii/0022247X72901291?via%3Dihub
https://ieeexplore.ieee.org/document/6796867
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CnnawvHbl

i i i i | 1 i i
| | i i i i | |
e [loaTomy ] | | | N | | |
! ! ! | | | ! !
KOHCTPYKTUBHDbIE : : oo~ : : : : P : :
) I S | i . i | |
noagxoadbl COKpawakoT ' : : ! : :
. | | . .
i

MHOXEeCTBO PYHKUNNA U |

yBENYMBALOT UX YNCIIO | | | |
M/ FNYy6UHY ceTu | | AR | | |

¢ Data points i i Data points i i

o [NaBHbIA UHCTPYMEHT — * T qumiieses = T G |
crniaviHbl, rnagKune LT e | | O L s | |

KYCOYHO-MOSIMHOMM-
anbHble QyHKLUMK




Cetn Konmoro

e Kolmogorov—Arnold
networks (KAN; Liu

et al., 2024)

dakTnyecku
oby4yaemble
hYyHKLMN
aKTUBauUun ans
HEMPOHOB, N 3TO B-
CrnJlanHbl

o(x) = wy - b(x) + ws - s(x),

b(z)=z/(1+e7"),

poBa—ApHoO/bAaa
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Model | Multi-Layer Perceptron (MLP) | Kolmogorov-Arnold Network (KAN)
Theorem Universal Approximation Theorem Kolmogorov-Arnold Representation Theorem
F I N(e) 2n+1 n
(sﬁgﬂg\;) f(x) ~ Z ao(W;- X +b) 8= 2.’ P 27 e
i=1 q= p=
() fixed activation functions | (b) /T\ learnable activation functions
/ on nodes N U \T NN — on edges
Model
(Shallow) ALALALA /_/ ~—> sum operation on nodes
learnable weights NN MNAN M DN
on edges
F(‘l’;g;')a MLP(x) = (W5 0 6, e W, 0 5, 0 W,)(X) KAN(X) = (@ o @, o D,)(x)
MLP(x) | (d)
Model nonlinear,
(Deep) JSixed nonlinear,
”i learnable
Z_ CZ'B,L'(JZ) linear,
¢ learnable
X X



https://arxiv.org/abs/2404.19756
https://arxiv.org/abs/2404.19756
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Cetn KonmMmoroposa—ApHonbga

e [pumep: faBaiiTe NpUGAN3UM byHKUMo  f (2, y) = exp (sin (7x) + y2) ;

e Bo3bMéM [2, 2, 1] KAN: f(:r, y) = P21 (01.1(2) + P1.2(y)) .
fla.y)

1.00
3.5

— f(z,—0.5)

0.7
3.0
6
0.5(
0.2
2.0
0.00 4
3

—1.00 —0.75 —0.50 —-0.25 0.00 0.25 0.50 0.75 1.00 —1.00 —0.75 —0.50 —-0.25 0.00 0.25 050 075 1.00 -1.00 -0.75 —0.50 —-0.25 000 025 050 075 100
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A

Cetn KonMoropoBa—ApHONbha  f(z.y) = ¢21 (d1.1(2) + d1.2(y)) -

e [locne ob6y4yeHunsa hyHKLMUM NOMyYatoTCsa TaKUe:

16
1.0 14
0.8 12

0.6
10
0.4 <
8

0.2
6

0.0
4

—0.2

—0.4

_ 1.00 0.75 0.50 0.25  0.00 0.25 0.50 0.75 1.00 1.00 0.75 0.50 0.25  0.00 0.25 0.50 0.75 1.00
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A

Cetn KonMoropoBa—ApHONbha  f(z.y) = ¢21 (d1.1(2) + d1.2(y)) -

o Tenepb MOXHO 3aMETUTb, 4YTO (I)1 2 MOXOXXe Ha y2, 7 38(|)VIKCMpOBaTbI

1.0 7
6

0.5
5

0.0
4

—0.5
3
—1.0 9
—15 1

_ —-1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00 —1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 1.00
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Cetn KoniMoroposa—ApHoJibaa

e Kak BuauTte, nsaHavyanoHo KAN — 3T0O ckopee 0 TOM, YTOb6bl BMecTe C

4eNIOBEKOM HanTu opmMyny annpokcumaumuy; Liu et al. pekomMeHayOT Tak:
7 . .

Should | use KANs or MLPs? Ry peesll

| |

Accuracy Interpretability

| | |

Compositional Complicated Contir_lual
structure function learning

Want small Want fast
models training

dimension

Low Quantitative Qualitative

Either Either Either Either

is hard

Either
is fine

Either
is fine

is fine is fine Is fine
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FastKAN n ReLU-KAN

e KANBLiuetal (2024) paboTanu MeaneHHO, B OCHOBHOM U3-3a CNTIOXHOCTU
nocTpoeHus B-cnnanHoB (de Boor—Cox iteration)

e FastKAN (Li, 2024) — MOXHO 3aMeHUTb B-cnnaiHbl Ha rayccoBckue RBF u
nonyuntb KAN BTpoe 6bicTpee 6e3 noTepun KayecTBa:

=S G- pul). 90 =exp (e r?).
=1

e RelU-KAN (Qiu et al., 2024) — a MOXHO U 3aMEHUTb Ha KOHCTPYKLINIO 13
RelLU, uto 6yaeT ewwé abdekTmBHee, B 5—20 pas bbicTpee:

R;(x) = (ReLU(¢; — x) - ReLU(x — s,))* - 0

(ei —5i)*



https://arxiv.org/abs/2404.19756
https://arxiv.org/abs/2405.06721
https://arxiv.org/abs/2406.02075

CS Space
FastKAN n ReLU-KAN

e KANBLiuetal (2024 €HHO, B OCHOBHOM M13-3a C/I0XXHOCTHU
nocTpoeHua B-cnnan

e FastKAN (Li,2024) —
nonyunTtb KA

amMeHUTb B-cnnanHbl Ha rayccoBckue RBF u
e 6e3 noTepn Ka4yecTBa:

T = Slwg (-l o) =exp(-c 1),
i=1

e RelU-KAN (Qiu et al., 2024
RelLU, yto byneT eLwé

N 3aMEHUTb Ha KOHCTPYKLNIO N3
, B 5—20 pas 6bIcTpee:

R;(x) = (ReLU(e; — x) - ReLU(x — 5,))* - L‘t.
(e —5y)



https://arxiv.org/abs/2404.19756
https://arxiv.org/abs/2405.06721
https://arxiv.org/abs/2406.02075

KAN cerogHa: apxmTeKTypbl

Bodner et al. (2024):
Convolutional KAN, koTopbIi
MOXHO npuaenaTtb CO0KY
OObIYHbIX apXUTEKTYP

Genet et al. (2024): Recurrent
KAN (RKAN), Temporal KAN
(TKAN) ans o6paboTKu
BPEMEHHbIX pAAoB
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W

| Linear Layer

Input Tensor

(B,C,H,W)[]

Unfolding R Patch
(Extract Patches) | | Norm.

Chebyshev Apply @
- . 5
Transform | | Weights

_________________

2964 1x 1,128

§|KAN3><3,128,/2|
i v

Folding W Output Tensor
(Patches) | | (B,C,H,W)

I

Dense Block 3

Transition Layer 3

512-d

Dense Block 4

_______________



https://arxiv.org/abs/2406.13155
https://arxiv.org/abs/2405.07344
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KAN cerogHa: apxmTeKTypbl

e Yana, Wang (2024): Kolmogorov—Arnold Transformer (KAT); self-attention
ocTaBuM, a MLP B TpaHchopmepe 3ameHnmM Ha KAN

® ® ® Accuracy vs. FLOPs vs. Model Size
< | @ KAT
>, 827 'S) i | e
Com ) | Com ) | Coom ) § o S S oo
& 803 § e o
] ,’/O ViT
O @ ® 2 .
. - ‘ — /
Attention Attention Attention S 71 6 l,’
e — —— — T i
744 7
Norm Norm Norm %) & Model Sizes
o 27 ¢ 20M
(@)]
() i N © VAT + KAN 40M
Input Input Input &= 9% e ™0
Emb. Emb. Emb. - @ 80M
~— E———— EE——— 62

10.0 12.5 15.0 17.5 20.0

Transformer ViT + KAN KAT(Ours) ' ' "MACs (G)



https://arxiv.org/abs/2409.10594
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KAN cerogHs: npumMeHeHunsa

Liu et al. (Aug 2024): KAN 2.0 nomoraeT HaxoaAuTb GU3NYeCcKne 3aKOoHbI

Science KAN
g !

Incorporating scientific knowledge into KAN

Adding auxiliary variables Building modular structures  Compiling symbolic formulas }
to KANs (Sec 3.1) to KANS (Sec 3.2) to KANS (See 3.3) L ey
Important
Features f st Ok

Identifying important features  [dentifying modular structures Identifying symbolic formulas [ J : L m/_.f_/ &4
from KANs (Sec 4.1) from KANSs (Sec 4.2) from KANSs (Sec 4.3) £ e el

Extracting scientific insights from KAN MultKAN:

KAN with multiplications
(Sec 2)



https://arxiv.org/abs/2408.10205
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KAN cerogHa: npuMeHeHuns
Liu et al. (Aug 2024): B LLle/JIOM NPUMEHEHMNSI B OCHOBHOM BOKPYT

(
nHTepnpetupyemocTtn, KAN MoXeT BbIBOAUTb HOPMYIbI

(a) interpretability-learnability plane

interpretability

/ Traditional

software

Small
Scale
KANs

“software version”

A

(b) “software version”-scale plane
not interpretable 3

[ Software 2.0 4 not controllable ,wj

s
blaCk—box models \ Iearln:fle <
scalable (=)

2.0 == -
g a\u\r(c aibusos
Traditional o Software 1.0 B g
NN tasks are here! i -
4 IR R SR e
scéale
large

»
»

learnability


https://arxiv.org/abs/2408.10205

KAN: BbIBOAbI

NHTepecHasa TemMa, BCnJ/blBLIAA Ha MOBEPXHOCTb
B KOHUe anpensa 2024 roaa...

.1 y)XKe npeBpaTuBLLancsa B 60/bLUYy0 061acTb C
MHOIMMM pa3HbiMKn NpuMeHeHnamn (MPT-
CHUMKMU, MONleKyndapHasa guHaMunka, 3agadu
ONTUMasIbHOro YyNpaB/eHnsa U T.4.)

B OCHOBHOM C YNOPOM Ha UHTEPNPEeTUPYEMOCTD,
HO 3TO TOX€ Ba)XHO; OT/IMYHbIN NMPUMEp eLLLé
oAHOro “Hm3ko BucsLero nnoga” B DL

A 4yTOo ecnun obyyaTb KAN yepes LLM?..
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