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\J First First design Foundations of Alan Turing ‘Artificial ELIZA,
O j-l I_ M M I_I T b mechanical for a neural networks introduces a intelligence’ is a natural
calculating | programmable established by test—the Turing coined during a language
machine built machine, Warren McCulloch test—as a conference devoted program,
by French by Charles and Walter Pitts, way of testing to the topic. is created.
mathematician Babbage and drawing parallels a machine’s ELIZA handles
and inventor Ada Lovelace. between the brain intelligence. dialogue on any
Blaise Pascal. and computing topic; similar
machines. in concept
to today’s
chatbots.
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Google builds iRobot launches Computer Edward
the first self- Roomba, an program Deep Feigenbaum
driving car to autonomous vacuum Blue beats creates expert
handle urban cleaner that avoids world chess systems
conditions. obstacles. champion Garry which emulate
Kasparov. decisions of
human experts.
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IBM’s Watson Personal assistants like Siri, lan Goodfellow comes | AlphaGo beats Most universities
defeats champions | Google Now, Cortana use speech | up with Generative professional have courses
of US game show recognition to answer questions Adversarial Go player Lee in Artificial
Jeopardy! and perform simple tasks. Networks (GAN). Sedol 4-1. Intelligence.

https://qgbi.ug.edu.au/brain/intelligent-machines/history-artificial-intelligence
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Zhao, W. X., Zhou, K., Li, J., Tang, T., Wang, X., Hou, Y., Min, Y., Zhang, B., Zhang, J., Dong, Z., Du, Y., Yang, C., Chen, Y., Chen, Z., Jiang, J., Ren, R.,

Li, Y., Tang, X., Liu, Z., ... Wen, J.-R. (2023). A Survey of Large Language Models (arXiv:2303.18223). arXiv.
https://doi.orq/10.48550/arXiv.2303.18223
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npoekt https://Imsys.org/

Large Model Systems
Organization (LMSYS Org)
OTKPbITaA UccnenoBaTeibCKan
OpraHm3auma, OCHOBaHHaA
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State of Al 2023

https://www.stateof.ai/2023-report-launch

Llama-2-70b-chat
vs. ChatGPT-0301

Llama-2-70b-chat
vs. PaLM-Bison

Llama-2-34b-chat
vs. Falcon-40b-instruct

Llama-2-34b-chat
vs. Vicuna-33b-v1.3

Llama-2-13b-chat
vs. Vicuna-13b-v1.1

Llama-2-7b-chat

vs. MPT-7b-chat

Global Generative Al VC investment
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$1.78  $3.6B

$1.1B
.
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

Tie Loss

31.5 32.5
24.6 22.4
14.6 9.1
31.2

24.9

20.9 18.0

70 80 90 100

B npeackazaHuAx Ha 2024 r.:

CamocoBepLIeHCTBYIOLWMECA areHThl
W ocTaBAT ganeKko no3agn Tekyuime
TONOBbIE peLlleHna 33434 B CNOXKHOMU
cpene (B TOM yncae B Hay4yHbIX
nccnenoBaHUAX)



[Tporpecc: poboThl

Boston Dynamics Atlas Tesla Optimus
(30 net paboTbl) (2 ropa paborbi)

—

Chi, C., Feng, S., Du, Y., Xu, Z., Cousineau, E., Burchfiel, B., & Ding, Y., Zhang, X., Paxton, C., & Zhang, S. (2023). Task and
Song, S. (2023). Diffusion Policy: Visuomotor Policy Learning Motion Planning with Large Language Models for Object
via Action Diffusion (arXiv:2303.04137). arXiv. Rearrangement (arXiv:2303.06247). arXiv.
https://doi.org/10.48550/arXiv.2303.04137 https://doi.org/10.48550/arXiv.2303.06247



[porpecc: aBTOHOMHOE BOXKAEHME

TexHoNnorma aBTOHOMHOTIO BOXAEeHNA nmeeTt

TEHAEHUMIO K Nepexoay OT CUCTEM,
OCHOBAaHHbIX Ha NpaBuUNax, K CTPaTernam,
OCHOBaHHbIM Ha AaHHbIX. TpaAULUMOHHbIE

CUCTEMbI OrPaHUYeHbl HerMbKMmu
npeaycTaHOB/EHHbIMU NPaBUAaMM.

Bonblmne a3bikosble moaenu (LLM)

NPOAEMOHCTPMPOBAAN CNOCOOHOCTH,

Viuirerable Road User e “" * :
// et R o e 0, T KOTOPble MOTyT OTKPbITb ABEPb K

i, MOHMUMAHMIO OTKPLITOrO MUPA,

Stop and wakforthepedesman tocross, then KNSR :
proceed straight ahead safely. e ; paccyXageHnam um o6yqumo 3ad HECKOJ1IbKO

. R - KaJpoB, Yero He XxBaTaeT COBPEMEHHbIM

Cnctemam aBTOHOMHOIO BOXAEHUA.

Zhenjie Yang, Xiaosong Jia, Hongyang Li, Junchi Yan (2023).
LLM4Drive: A Survey of Large Language Models for Autonomous Driving
https://doi.org/10.48550/arXiv.2311.01043



T9 Ha
cTepongax»

«ChatGPT — 310 T9 ChatGPT

Nropb KoTeHKOB,
[MaBen KomapoBcKkui

Kak pabotaet ChatGPT:
obbsicHAEM Ha NPOCTOM
PYCCKOM 3BONOLUIO
A3bIKOBbIX mogenen ¢ T9 oo

yy/a

Habpan «munas, Tel gona»? Xoyellb UHCTPYKLMUIO
https://habr.com/ru/compa XM-M, ucnpasrno-ka K Nblriecocy B CTUXax B
nies/ods/articles/716918/ Ha «Tbl Xkonay! ctune Tiotyea? Lla, nagaxoku



https://habr.com/ru/companies/ods/articles/716918/
https://habr.com/ru/companies/ods/articles/716918/

Yem 60blie moaenb — Tem 60ablLe CNOCODHOCTEN



Large Language Models (in 2023)

Hyung Won Chung (OpenAl) https://twitter.com/hwchung27/status/1710003293223821658

JTa naea He JTa naeA rnoka

paboTtaet He paboTaeT

bonbwune moagenun cerogHALWHeEro
AHA Yepe3 HECKOJ/IbKO /1eT CTaHYT
Ability 1 Ability 2 Ability 3 Man bIMM MOAenﬂMM

/ A L

Chung, H. W., Hou, L., Longpre, S., Zoph, B., Tay, Y., Fedus,
W, Li, Y., Wang, X., Dehghani, M., Brahma, S., Webson, A.,
| . { I - : | Gu, S. S., Dai, Z., Suzgun, M., Chen, X., Chowdhery, A.,
GPT3 GPT4 S GPT3 GPT4 Scale GPT3 GPT4  Scde Castro-Ros, A., Pellat, M., Robinson, K., ... Wei, J. (2022).
Scaling Instruction-Finetuned Language Models
(arXiv:2210.11416). arXiv.
https://doi.org/10.48550/arXiv.2210.11416

CUNbHO YyNpoLLEHHOE NpeAcTaBieHNe O BO3HUKAKOLWNX CMOCOBHOCTAX



GPT-4 noKa3blBaeT UCKPbI «OOLLErO

MCKYCCTBEHHOTIO MHTEJI/IEKTA»

Prompt: Can you generate a pyplot for the following data: = = [1,3,5,6,8),y1 = [2,3,5.18,1],y2 = [3,5.6,8,1], 43 =
[,1,2,3 4], 04 = [8,7,2,3,1]. | want 1,52 to be in the same plot, but 3 is in ancther plot next to that plot, yd is in
below. | want the legend of ¥l to be "bob™, 2 to be "alice™, 43 to be "hilba™, 4 to be "allie”. | want the r-axis to be
labeled with "time" and y axis to be labeled with "money”. | want to add a 10 %-40% random error bar to each curve,
through all times (including non-integers). | want smoothed curves to show the plot, and smoothed error bar. Do not
use linear interpolation, use smooth interpolation! I want to also add some small zig-zag to the smoothed curve to make
it look more real. | want to put a baseline as the mean of each line. | want to put a pie chart below indicating the
fraction of the four people in each time step. | also want an animation to show how the fractions are changing in the
pie chart in **continuous time**. Interpolate the missing fractions! | also want vertical line animation in other three
plots to match the pie chart. | want the fanciest plot. Please add as many fancy things as possible.

Here is a possible code to generate a pyplot tor the following data, with some comments to explain the stepa:

GPT-4: [We give two snapshots from the animation resulting from the produced code]
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Sébastien Bubeck et al.

Sparks of Artificial General Intelligence: Early
experiments with GPT-4
https://doi.org/10.48550/arXiv.2303.12712
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Linear probe prediction (test)
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Language Models Represent Space and Time (2023)
https://doi.org/10.48550/arXiv.2310.02207
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HOME > SCIENCE » WVOL. 383, NO. 6682 > GROUNDED LANGUAGE ACQUISITION THROUGH THE EYES AND EARS OF A SINGLE CHILD

@  RESEARCH ARTICLE = MACHIME LEARNING f ¥ in @ % =

Grounded language acquisition through the eyes and ears of a sin-
gle child

WAI KEEN VONG . WENTAD WANG . A EMIN ORHAN, AND BRENDEN M. LAKE Authors Info & Affiliations

SCIENCE - 1Feb2024 . Vol 383 lssue 6682 « pp. 504-311 -« [Ko/Ei-m 6/ science adil374
|

Editor's summary

How do young children learn to associate new words with specific objects or visually represented o
concepts? This hotly debated question in early language acquisition has been traditionally examined 2
in laboratories, limiting generalizability to real-world settings. Vong et al. investigated the question

in an unprecedented, longitudinal manner using head-mounted video recordings from a single el
child’s first-person experiences in naturalistic settings. By applying machine learning, they intro- @
duced the Child’s View for Contrastive Learning (CVCL) model, pairing video frames that co-occurred

with uttered words, and embedded the images and words in shared representational spaces. CVCL

represents sets of visually similar things from one concept (e.g., puzzles) through distinct subclus-

ters (animal versus alphabet puzzles). It combines associative and representation learning that fills <

gaps in language acquisition research and theories. —Ekeoma Uzogara

DOI: 10.1126/science.adi1374
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Sora - MOAenn reHepaLmm BUAEO Kak CUMMYAATOPbl MMPa

https://openai.com/research/video-generation-models-as-world-simulators



Korga oyaet AGI (0OWMM MCKYCCTBEHHbIN
Reports Description About

Pa3Hble aHann3bl
npeacKasbiBaloT
poctmxkeHue AGIl B
6113KOM

byayliem.

MHTeNNeKT)?

Run simulation

Import Export
Presets port port
scenario sCcenario

Main Additional
parameters parameters

AGI training requirements (FLOP with
2022 algorithms)

Effective FLOP gap (training)

Training goods vs R&D

AGI runtime requirements

IMaximum trade-off
30 |
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|05 |
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125 |

R&D parallelization penalty
07 J

Growth rate fraction GWP compute
019 |

Growth rate fraction compute training
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buying compute
0.19 |
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©) Github

Compute decomposition @

[JCompare with bioanchors
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- — Software (2022-FLOP per
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Takeoff metrics

Show | the most important metrics v |

100% automation year (@) 20-100% economic automation (@) 20-100% R&D automation (@)
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Summary

https://takeoffspeeds.com/playground.html
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CBeTnaA CTOPOHaA

CHUXKEeHNEe HepPaBEHCTBA
BO3MOXHOCTEN




3TO BMAEO0 MOXHO CMOTpeTb
Ha PyCCKOM A3blke

AHITMUCKUU A3bIK

BkatounTb nepeeog Buaeo

MalWmnHHbIN NepeBo, B
nocnegHue roapbl Bbillien Ha
HOBbIM YPOBEHb. ITO
3HAYUTENIbHO CHUXKaeT bapbepbl
nepen CTyAeHTaMU U
nccnegoBaTenamu, AnA KOTOpPbIX
aHIIMUCKMIN A3bIK HE POAHOMN.




MynbTMMOAa/1bHOCTb

Peub & TeKcT
KapTuHKa <~ TeKcT
Buaeo <~ TeKcT




ChatGPT 4 ~

OB6BACHWM MHE OCHOBLI KBAHTOBO DW3KMKM, Kak ByaTto MHe 6 net

ChatGPT
KoneuHo, aasaii nonpobyem obbAcHUTE KBAHTOBYHO QU3KKY TaK, uTobbi 370 BLLIO Not

LWEeCTUNETHETNO peBEHKﬂ.

lNpeacTaBb, UTO BECh MWP — 3TO ONPOMHanA Wrpa c Aero. Bcé Bokpyr Hac caenaHo us ma
KyCOUKOB, KOTOphIE Ha3bIBalOTCA aTOMaMW. 3TO KaK Camble ManeHbKWe KyOukmn nero, u

MOXHO NOCTPOUTL ﬂlOﬁ}"IO BElb.

Tenepk npeAcTaBb, UTO 3TH KYOUKKM Nero MoryT BecTh ceba oueHb CTPaHHO, KOTAA Ml |
cMoTpumM. OHK MOTYT OAHOBPEMEHHO HAXOAWTLCA B HECKONbKMX MECTaX MM JAaXe Me
Qopmy. 3T0 0AHA VU3 MABHBLIX MAEA KBaHTOBOWM PU3MKKM — BELLW B MWMPE MUKpOUYacTMLy

cebn HE TakK, KakK Mbl MPUBLIKN.

[Tlogaep*Ka NOHMMaHKA,
NepCcoHaIM3NPOBAHHOE
obpasoBaHue

HEMCR B 33XE3ThIEZHILUMA MUD CTATUCTUEM. &2

JHBIA NA3H ANA OCEOSHWA QCHO

BeegeHWe B CTATHCTHKY:

OnpedensHme W Lenb

JHaUYeHHe W NprMeHEHN N

* Knroueeke T PMHAHEl W NOHATAR

TUNEI CTATUCTHKKA:

* OnWcartensHas CTAaTUCTHMES: Mel UMM MEpPk! LLEHTPaNBHON TEHAEHLMY

MedWaHa, M 04a) 1 me Pel MZMEHYHMEBCOCT

* AHQepeHUMANEHAR CTATHUCTHES:
3 OCHOBe BIDOpOoK.
OCHOBLI BEPOATHOCTMH:

O npejeneHue M ZHad4eHn CTaTUCTHEES

TTmnoT RAETIIA- DY AHRGY3A N I:: dEK

Mr. Ranedeer Al Tutor
https://github.com/JushBJJ/Mr.-

Ranedeer-Al-Tutor/tree/main

MHOMKEHWA W
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consensus

¢, Synthesize = Filter |l Save search & T, Share
. . 15 highly relevant results [3 Export csv
Generative Al for science
[ Business (mis)Use Cases of Generative Al
O searching for papers Generative Al has the potential for malicious misuse in business, with potential for widespread data
O Summarizing 8 abstracts fabrication and manipulation, but its use is in its infancy and its potential for misuse is limited.
: perceptions, benefits, and challenges
@ Final answer o
8 citations | 2020 )B YHUBEPCUTETOB OTHOCUTENBHO
ro Kak ChatGPT, B esicluem
Summary of top 4 papers : . .
() 4, Study Snapshot L Save = 55 Cite T, Share A1 TEXHONOTUAMM, FTOTOBHOCTK
These papers collectively suggest that gener _
. pap y _gg . 9 TBaX W Bbl30BaX, a Takoke 3 PeKTMBHON
fields and research translation. Morris 2023
accelerating scientific discovery and enhanci MHAMM yuacTue 399 cTyAeHTOB
2023 specifically focuses on the application [ Generative Adversarial Neural Networks and Deep Learning: Successful Cases and Advanced Approaches =/ B [ OHKOHTE. BbIABNEHO, UTO CTYAEHTHI

non-academic readers, with the aim of impr¢

Al B 0byueHnK, Npu3HaBas NoTEeHLMan
Generative adversarial neural networks and deep learning can significantly improve data quality and W B HANMCaHWA U TeHepauMK1 Waew, a
accelerate scientific research in fields like astronomy, healthcare, materials science, and bioinformatics.

health science. Park 2023 discusses the ethic
generative Al, particularly large language mc
T Hee, CyLLEeCTBYHOT Takoke OnaceHus no
explores the transformative impact of gener;
. . C OCOB W BAMAHWA Ha IMUHOCTHOE
emphasizes the need for interdisciplinary res SO R - SR~ SO 0= === St | 575

and the future of creative work. ‘ CTW.

(v) 4, StudySnapshot .
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PEISBEPHH B TEKCT B ABYX EIEISEILI,EI ANA HEI}I’LIHUﬁ CTaTbH TESWC O TOM, UTO NrEHEPATH BHbIA pecuments

@ Al Word Counter: 430 ©® B UseWeb Welcome

HCCK}"CCTEEHHI:IE MHTEMNEET CHHUXAET AZbIKOBLIE EEIPI:EPI:I ANA CTYAEHTOE W YUEHLIX

Research Paper: The Impact of Generative Al on
ChatGPT Academic Writing

Abstract
This research paper aims to investigate the impact of Generative Artificial Intelligence (Al) on academic
writing. The advancement of Al technologies, particularly in the field of Natural Language Processing, has

leHepaTUBHBIE MCKYCCTBEHHbIE MHTenekThl (M), Takne kak GPT-4, npeacrasastoTt coboid

ne p ENOMHE! ﬁ MOMEHT B N pE ﬂ.ﬂD."'EH M ASLIKOBBIX Eﬂ p I::E.'pl‘.] EEBa K.EI,H,E MHUYECKOM CO DEI Lll,'E'CTEE . led to the development of various Al-powered writing tools. These tools claim to assist writers in
generating high-quality content, including academic papers. This research examines the benefits and

CHACTEerbI Dﬁ_ﬂaﬂa HOT }.I'H HMEaANBEHD ﬁ CIIoCo 5HUCT|J K Ne pE E Dﬂmb CNO¥HEIE H a},rl_' HEI& TEKCTEI M challenges associated with using Generative Al in academic writing and explores its potential implications
for both writers and the academic community. The research methodology involves conducting a

Te F'M MHOJMOTMIO C BEBICOKO ﬁ TOY HDETbl‘D, uyTo pa Hee 6 LLIO CNOXHO ,ﬂDCTM}f{H MO C MOMO |.|_|,|:r|ﬂ comprehensive literature review, analyzing existing studies, and exploring real-world examples. The

findings suggest that while Generative Al can enhance the efficiency and productivity of academic writers,
it also raises concerns related to authenticity, ethics, and intellectual property. The paper concludes by

TpaguUMOHHBIX METOA0E MalLIMHHOIO Nepesojda. B PE3YyNbTATE CTYAEHTHI M YUYEHDLIE, uew POAHGC

discussing the practical implications of using Generative Al in academic writing and proposing directions
for future research in this emerging field.

HSbIK OTAWYEETCA OT AOMWHWPYHW WX ASEIKOB HayWHOTO DE!LI.I,EHII"IH, TAKMX KaK aHT MWACKIA,

Introduction
Academic writing plays a crucial role in the pursuit of knowledge and the dissemination of scholarly

n Dﬂ}'rl'l'a HOT 5E3 n F'E LEAEHTHDI ﬁ 40 ET}F" Krn UEIEI..H bHbIM NCCAEAO0BAHWUAM W 3SHAHWUAM. }I—'D }"'Pﬂ BEHWE research. The process of crafting well-written academic papers requires extensive research. cr”

BOSMOXHOCTH ANA HayUHbLIX pﬂﬁDTHHI{DE! W3 pa3MUUHbI

MHIJTIO3MBHOE M pa3HoobpasHoe HayuHoe coobwecTEN

Kpome Toro, redHepatmexbie M sHauntenbHO ynpouwatoT nj
HayuHbIX paboT AnA HeaHrNoASLIUHLIX MccnegoBaTenei. QHM MOTYT aBTg T

aHHOTaUWW, pedeparbl U AaKe MoAHbIE HaYUHbIE CTaTbM Ha pa3NUUHbIX B O p LI e C K O e I_I M C b N\ O
3TOM aKaAeMUUECKWe CTaHAAPTE M CTWIMCTUKY. 3TO He TONbKO
cnocobcreyeT Honee WMpoOKOMY pacnpocTpaHeHWIO 3HaHWIA, MO3BONSY
bonee wWnpokoii ayautopuu. Takum obpasom, reHepatmeHblid A n

AEMOKpaTUzaumMK AOCTyNa K HayUYHbIM 3HaHWMAM W YCKOPEHWKA rnobanbHoOroT
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M n HayKa: yTo aymatoT 1600 nccneposatenen

Van Noorden, R., & Perkel, J. M. (2023). Al and science: What 1,600 researchers think. Nature, 621(7980), 672—675.
https://doi.org/10.1038/d41586-023-02980-0

MonoxurenbHoe snnaHmne UU HeraTtusHble nocneacremna U
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MpuBoAUT K 6oNbLUEN 3aBUCMMOCTU OT
pacno3HaBaHMa 06pa3oB 6e3 ux
NOHUMaHUSA

ObecneynBaeT 6bICTPYO 06PabOTKY AaHHbIX

YcKopAeT BblUMCNEHUA
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DKOHOMMWT BpeMS 1 AeHbr nccaesosatenei ANCKPUMWUHALNIO B lIaHHbIX
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Obecneunsaet YCKOpeHune HanncaHna Kkoaa HEBOCNpPOM3BOANMbIM NUCCIeA0BaHNAM

OTBevaeT Ha BOMPOCHI, KOTOPble MHaYe
PeLwnTb OYEHb CIOXKHO Ycunusaet ancbanaHc cun 3a cyet

BbICOKMX TpeboBaHUI K pecypcam
ONTUMU3UPYET SKCMIEPUMEHTA/IbHbIE

YCTAHOBKW ON1A NONYYEHUA OAHHbIX

[lenaeT HoBble OTKPbITUA [.oporoi U sHeproeMKMin MHCTPYMEHT

FeHepMpyeT HOBble NccnegoBaTtesibCkue
rmnoTtesbl

Mpouee

Mpouee:



NN n HayKa: 4yTo AymatoT 1600 nccnegoBatenen

Van Noorden, R., & Perkel, J. M. (2023). Al and science: What 1,600 researchers think. Nature, 621(7980), 672—675.
https://doi.org/10.1038/d41586-023-02980-0
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OCHOBHble BbIBObl

* BanAaHue reHepatusHoro MM Ha npon3sBoANUTENbHOCTb
MOKeT YBE/IMYNUTb CTOMMOCTb MUPOBOM 3KOHOMMUKM HA

TPUNNNOHDbI ,0/1/1aPOB.

* OKos0 75% cTonmocTn, KOTopyro MoryT obecneumnTb
CLUEeHapuu NCNOoNb30BaHMA reHepaTusHoro NI,
NPMXOAMTCA Ha YeTblipe 061acTh: paboTa c KIneHTamm,
MapPKEeTUHT 1N Npoaarku, pa3paboTka NpPorpaMmHOro
obecneyenns n HUOKP.

* [eHepaTuBHbIM NN OKaXKeT 3HaYNTENBbHOE BAUAHME Ha
BCe OTPAC/N NpomblWNeHHOCTU. baHKOBCKoe aeno,
BbICOKME TEXHOIOMMU U HAYKU O XKMU3HU MOTYT MONYYUTb
Hanbonbwnim adpPpeKkt bnrarogapa reHepaTusHomy UN.

[eHepaTMBHbIN MM cnocobeH N3MeHUTb aHaTOMMIO TPYAa,
pacWMpPUB BOSMOXKHOCTWN OTAE/IbHbIX PabOTHUKOB 3a cyeT
aBTOMATM3aLUMN HEKOTOPbIX U3 UX NHOMBUAYANbHbIX
AencTemn. HolHeWwHM reHepaTtnsHbii U n gpyrue
TEXHONOIMM CNOCOOHbI aBTOMATU3NPOBATb TPYAO0BYIO
AEeATeNbHOCTb, KOTOpaA cerogHA oTHMMaeT ot 60 go 70
NPOLUEHTOB BpemMeHU PaboTHMKOB.

Temnbl TpaHchopmaumm paboyen cnnbl, BEPOATHO,
YCKOPATCA, Y4MUTbIBAsA POCT MNOTEHLMA/IA TEXHUYECKOMN
aBTomaTtmnsaymun. NNonoBMHA COBPEMEHHbIX BUAOB
TPYAOBOW AEATENBHOCTU MOXET OblTb aBTOMATU3MPOBaHa
B nepuog mexay 2030 n 2060 rogamu.

PaboTHMKam noTpebyeTca noaaepka B 0OCBOEHMUMN HOBbIX
HaBbIKOB, @ HEKOTOPble CMEHAT Npodeccuto.

Jpa reHepaTtuBHoro MM Tonbko HauynHaeTcAa. [na nonHoro
OCO3HaHMA NPENMYLLECTB 3TON TEXHONOTUKN NoTpebyeTca
Bpemsa, u angepam bmusHeca n obuiectsa npeacTouT
pewunTb ewe Hemano npobnem.



Impact of generative Al on technical automation potential in midpoint scenario, 2023
PasBuTne TexHn4ecKmx

Without aenerative Al . . .
Bl Without generative A Owerall technical automation potential,

comparison in midpoint scenarios, Share of global BO3MOHOCTEN MOXET OKa3aTb
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Automation adoption per wage quintile, % in 2030, midpoint scenario
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[eHepaTuBHbIM M moxeT
OKa3aTb HanmbosblLee BAUNAHME
Ha JeATeNbHOCTb Ha
BbICOKOOMNa4YMBaAEMbIX
Pabouynx mecTax;

paHee BAUSAHME
aBTOMaTM3aumm bbIIo
HAaNOONbLLUMM B KBUHTUAX C
NOXO0JaMW HUXKe cpeaHero.



AlphaFold: ba3a AaHHbIX MO CTPYKTYpe 6enKoB

AlphaFold - 310 cMctema UCKYCCTBEHHOIO MHTENNEKTA,
pa3paboTtaHHaa Google DeepMind, koTopas
npeackasbiBaeT 3D-cTpyKTypy 6€enKka no ero
aMMHOKUCNOTHOM NocnenoBaTenbHOCTU. OHa perynapHo
AOCTUraeT TOYHOCTM, CPaBHUMOM C SKCNEPUMEHTAIbHOMN.

Google DeepMind n EBponenckmnit MHCTUTYT
bnonHpopmatnkm EMBL (EMBL-EBI) coBmecTHO co3aanu
AlphaFold DB, 4tobbl caenatb 3TM NnpeackasaHuA
cB0H6OAHO AOCTYNHbIMUM AJ1 HAYYHOro coobLecTBa.
MocnepHAA Bepcua 6a3bl AaHHbIX coaepKmt bonee 200
MMWNJIMOHOB 3anucen, obecneymsas LWUMPOKUN OXBAT
UniProt (ctaHaapTHOro xpaHunuua 6enkosbix \
nocnenoBaTeslbHOCTEN U aHHOTALMM). https://alphafold.ebi.ac.uk/




byayulee yxe 34ecCh,
NPOCTO OHO pacnpeaeneHo

HepaBHOMeEPHO™

Xnmnku ncnonbzoanun ChatGPT ana pa3paboTkm 1 nposeaeHms
CNOMKHbIX XMMUYECKUX PEAKLUN C NOMOLLbIO POOOTU3NPOBAHHOM
nabopaTopHOMN YCTaHOBKMW.

*Yunoam MocoH

Cuctema, Ha3BaHHas Coscientist, MoXeT NnpoeKTUpoBaTb, KOAUPOBATb
M NPOBOAUTb HECKO/IbKO peaKLUuii, co34aBas cCoeaUHEHUA, BKAKOYan
napaLeTamos U acnMpuH, B N1abopaTopum ¢ NOMOLLbIO
POBOTU3NPOBAHHOM YCTAaHOBKM.

"Koraa A yBuAaen, YTo HEOpPraHUYECKUM UHTENNEKT MOMKET aBTOHOMHO
NAaHWUPOBaTb, pa3pabaTbiBaTbh M OCYLLECTBAATD XMMUYECKUE peaKkumu,
KoTopble bblnn n3obpeteHbl Ntoabmu, 3To 6bI1I0 NoTpAcatowe”, -
roBoput xummuk lemnb fomec ns YHnsepcuteta KapHern-MennoHa B
MutTcbypre (wtaT NeHcnnbBaHUA), BO3raBAABLLMN UCCeA0BaHME.

Boiko, D.A., MacKnight, R., Kline, B. et al. Autonomous chemical
research with large language models. Nature 624, 570-578
(2023). https://doi.org/10.1038/s41586-023-06792-0
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NEWS | 20 December 2023

This GPT-powered robot chemist
designs reactions and makes drugs
—onitsown

A system called Coscientist scours the Internet for instructions, then designs and
executes experiments to synthesize molecules.

By Katharine Sanderson

https://doi.org/10.1038/d41586-023-04073-4



FunSearch: HOBble OTKPbLITUA B MaTeEMaTUKE
C MOMOLLBIO DONbLINX A3bIKOBbIX MOAENEN

nature
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Article | Open access | Published: 14 December 2023
Mathematical discoveries from program search with
large language models

Bemardino Romera-Paredes ™, Mohammadamin Barekatain, Alexander Novikov, Matej Balog, M. Pawan

Kumar, Emilien Dupent, Francisco J. B. Ruiz, Jordan S. Ellenberg, Pengming Wang, Omar Fawzi, Pushmeet

Kohli® & Alhussein Fawzi &3
Noture 625, 468475 (2024) | Cite this article

164k Accesses | 1 Citations | 1003 Altmetric | Metrics

Abstract

Large language models (LLMs}) have demonstrated tremendous capabilities in solving
complex tasks, from quantitative reasoning to understanding natural language. However,
LLMs sometimes suffer from confabulations (or hallucinations), which canresultin them
making plausible but incorrect statements2, This hinders the use of current large modelsin
scientific discovery. Here we introduce FunSearch (short for searching in the function space),
an evolutionary procedure based on pairing a pretrained LLM with a systematic evaluator. We
demonstrate the effectiveness of this approach Lo surpass the best-known resultsin
important problems, pushing the boundary of existing LLM-based approaches2. Applying
FunSearch toa central problem in extremal combinatorics—the cap set problem—we discover
new constructions of large cap sets going beyond the best-known ones, bothin finite

dimensional and asymptotic cases. This shows that it is possible 1o make discoveries for

https://doi.org/10.1038/541586-023-06924-6

MeToa, NONCKa HOBbIX PELLUEHMI B MaTEMATUKE U MHPOPMATUKE.
FunSearch paboTtaeTt B nape c npeasaputesibHO 0byyeHHbIM LLM,
YbA LeNb - NPeA0CTaBUTb TBOPYECKUE PELLEHUSA B BUAE
KOMMbIOTEPHOrO KOAa, U aBTOMATUYECKMM "OUEHLWMNKOM",
KOTOPbIN 3aWMLLAET OT ra/i/IloLUMHALNIA N HEBEPHbIX naen. Mytem
nTepaunin mexay sTuMmn AByma KOMNOHEHTaMM
nepBOHaYa/ibHble pelleHna "3BONIIOUMOHUPYIOT" B HOBbIE
3HaHUA. Cuctema nuwet "GyHKUMM", HANUCaHHbIe B
KOMNbIOTEPHOM KoAae; OoTCtoaa u Ha3BaHue FunSearch.

3Ta paboTa npeacraBaseT cobor NepBbIN C/Iy4an OTKPbITUA
HOBbIX PELUEHMIN ANA CNOXKHbIX OTKPbITbIX NPob6a1em B HayKe nnm
MaTeMmaTuKe ¢ nomoulbto LLM. FunSearch obHapyxun HoBble
pelleHuA ANa 3a4auum O NOKPbITUM MHOXKecTBa (cap set problem),
6onee apPeKTUBHbIE ANITOPUTMbI 419 PELLEHUA 3a4a4M 06
YNaKOBKE B KOHTEMHEPDI.
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YeTbipe napaanrmbl HayKK

dMnupuyecKana HayKa: ITo caman cTapan Hay4dyHasa napagurma, OCHoBaHHasn
Ha HabAAEHUM U ONUCAHUM NPUPOAHbIX ABNEeHUIN. Knaccnyeckmm
NPUMEpPOM SIBASETCA APEBHAA aCTPOHOMMSA, B KOTOPOI y4yeHble Habaaanm
3a ABUXKeHnem HebecHbIx Ten. A 3Toi napaanurmbl XapakTepHO
HenocpeacTBEHHOE HabaaeHNE U perucTpaumnsa NPUPOAHbIX ABNEHUN.

TeopeTuueckasa HayKa: 3Ta napaanrma Ucnosiblyet maTemMaTuyeckue
mozenu n ob6obuieHna gna obvacHeHna asneHnin. OHa npeanonaraet
dbopmynmpoBaHme rMnoTes n Teopuin. KnoyesbiM NpUMepPoM ABAAKOTCA
3aKOHbI ABUXeHUA HbloTOHa, Aatowme TeopeTmyeckoe obbAcHeHNe
dU3NYECKMM ABNEHUAM.

BblunMcnuTenbHaa HayKa (UM HayKa, OCHOBAHHAA HA MOAENNPOBaHKMU): ITa
napagurma, BO3HWKLIAA B cepeanHe XX BeKa € NosiBIEHUEM KOMMNbIOTEPOB,
npeanosaraeT MoAe/MPOBaHNE CNOXKHbIX ABEHWNI C NOMOLLbIO
BbIUMCNUTENbHbBIX Mogenei. OHa NO3BONAET yY4EeHbIM M3y4aTb CUTYaL MM,
KoTopble TPYAHO AN HEBO3MOXKHO HabloAaTb HENOCPEACTBEHHO,
Hanpumep, acTpodUsNYEcKUe ABNEHUA NN MONEKYNAPHYIO ANHAMUKY.

HayKa ¢ MHTeHCUBHbIM UCNOIb30BaHUeM gaHHbIX (Data-Intensive Science):
3TOT NoAX04, NUHOTAA Ha3biBAaEMbI YETBEPTOM NapagmMrmon, ABnAeTca
OTHOCUTENbHO HOBbIM W NMOYYMA LUMPOKOE PACNPOCTPaHEHUE B 3MOXY
6onbwmx gaHHbIX. OH NpegnonaraeT U3BaeYeHMe 3HaHUM U3 60NbLLNX
06BEMOB AAHHbIX C MOMOLLbIO NePeaoBbIX BbIMUCAUTENbHBIX METOAOB. JTa
napagurma obycnosneHa MaccoBbiM POCTOM AOCTYMHOCTM AaHHbIX U
BO3MOMKHOCTEM MX 06pabOoTKM M aHaM3a, YTO NO3BONAET MNOJYYUTb HOBbIE
3HaHMA B TaKMX 06/1aCTAX, KAK FEHOMMKA, 3KONOTUA U COLMANBbHbIE HAYKMU.
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[1ATasa napaanurma?

[eHepaTBHbIM N, aBTOHOMHbIE areHTbl
MOTYT NPUBECTU K 3HAYUTE/IbHbIM CABUIram
B HayKe, bbICTpOMy nporpeccy B
OTAeNbHbIX 061acTAX, POPMUPOBAHUIO
HOBbIX METO40B N MHCTPYMEHTOB Hay4HbIX
nccnengoBaHUN.

ByaeT v B 3TOM HOBOM MUpPeE MecTo ANA
nccneposaTenen — ntoaen n, ecnm aa, 7o
Kakoe? Kakune cnocobHOCTU, KoMmNeTeHLUumn
6yayT BoctpeboBaHbI?
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