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AGI, LLM n UN-areHTbl




NUN-areHTbl n AGI

—> TeKywme BbI30Bbl B PAa3BUTUM MHTENNEKTYA/IbHbIX ar€HTOB U UX CUCTEM CBA3aHbI
c uHTerpaumen LLM n Gen-Al apxmuTeKkTyp B K0/11abopaTUBHbIX CLLeHapUAX

> KnioueBoi TexHosnornen Ha nytn kK AGl Ha3BaHbl 0/ITOCPOYHOE NAaHUPOBAHUE
N PacCy*KAeHuUA, BOMJIOLLEHHbIE areHTbl U B3aMMOAENCTBME C PeasibHbiIM MUPOM

> Passutne metogos UM gna HayuHbIX UccnegoBaHui Tpebyet
CO34aHUA MoAesien HayYHbIX PAcCyXAeHUN U KonnabopaTUBHOCTHU

AAAI 2025 PRESIDENTIAL PANEL ON THE

Future of Al Research

& Artificial General
@“4’ Intelligence (AGI) i

. Michael Wooldridge,
Agents and multi-agent systems (MAS) have evolved from University of Oxford Although the field of Al has long pursued the kinds of general- f" M‘: l;"(“C ifornia
autonomous problem-solving entities to integrating generative purpose, human-level abilities captured by the term AGI, the Berkeley

@,‘,@ CHAIRS
&2l Al Agents Ve i

Al and LLMs, ulnmately leading to :ooperanve Al lrameworks

rise of more general capabilities of neural net models has
that enhance sC and

stimulated discussions about directions forward, implications
around success, and doubts about pursuing the goal-which
Pu b( shed March 2025 now appears to some observers to be within reach.

Presidential panel on the Future of Al Research. AAAI 2025
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A3blKOoBble Moaenun Kak yHuBepcaabHble cuctembl A

The recent timeline
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—> OTBeTbl Ha BOMPOCHI N pelleHne 3a/1a4 Yepes LenoYKy Waros — MMMUTALLMA PacCyXAeHNA U NMOUCKA
> JNoobyyeHne mogenen (SFT, RL) Ha YMCTbIX AaHHbIX U ABHOM BO3HarpaxaeHum

-~ MynbTMMOAaNbHOCTb BXOAa U YAJIMHEHME KOHTEKCTa



Pa3BUTNE apXUTEKTYP OCTaHOBU/IOCH?

-~ Dropout ans 6opbbbl ¢ NepeobyyeHnem Tenepb yxKe He
HY>X€H, MOTOMY YTO Yy4YMMCS B OOQHY 3MOXYy Ha O4HOM

OrpoOMHOM faTaceTe GPT-OSS 20B (2025) GPT-2 XL 1.5B (2019)

Vocabulary size of 50k

< RoPE (potauusi Q n K BekTopoB) Tenepb UCMorbyeTcs T s o mose (& = P ——
B3aMeH abCcontoTHOro NO3MLMOHHOIO KOANPOBAaHNS i — ssm—

-  SwiGLU Tenepb ncnosnb3yerca BMeCTO 0ObI4YHOM
dyHKunmM aktusaumm GELU xota otnnumna mexay HumMm
nog BONpPOCOM

Input expert size: 2,880
i Intermediate projection size: 2,880

Input size: 1,600

JRETTTS SRR = Intermediate projection size

4 X 1,600 = 6,400

- MoE 3ameHsieT eanHbin FeedForward moaynb ¢ 3 P |, eesow
HEMOMHOM aKTMBaLME SKCMEPTOB Ha KaXKOAOM TOKEHe L S i
- GQA (rpynnoeBoe BHAMaHWE) NPULLIIO Ha CMEHY Suppored " SF_EJ E[/ ax\
of 131k tokens | 24 o (‘Router : i
0ObIYHOMY MHOMO-roflIoBOMY AS151 YMEHbLLEHUS — f
noTpebneHns namaTn 2 . W == S R
& ) * Modelsizeis 208 1
3 64 heads . :)u\only‘tuxper(s active per Sup';:(::e:‘ *
- CKonb3silWee OKHO BHUMaHUSA Tenepb UCMOoNb3yeTcs BO kN + o5 st v st et ey
. mbe: ng er inference stej imension of 1,600
MHOIMX CNosAX ceTu A yBeNnnyeHUsa KOHTeKcTa Mmoaenu il

- RMSNorm npuwwen Ha cMeHy 06bIMHOW HOpManu3auuu
aKTMBaUUM Ha gMCnepcuto No crnoto

[e)]

https://magazine.sebastianraschka.com/p/from-gpt-2-to-gpt-oss-analyzing-the @ I ? I
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AreHTbl Ha OCHOBE A3bIKOBbIX MoAe/iel

AreHT — cMCTeMa KoTopas nosyyaeT 3a4a4y (uenb),
NAaHUPYET Warun pelleHuns, UCnosibdyeT UHCTPYMEHTbI
(BbI30B KOAa, APl), npoBepsieT pe3ynbTaT U NOBTOPSAET LMK
10 JOCTUMKEHMUA LEenu

CTpyKTypa areHToB:

> CrtpaTerusa Ha 6ase LLM: reHepauma gencTemin/KomaHza,
= WHCTpyMmeHTbl: nouck, b1, nhatexu n 1.4.

= [lamATb: KOHTEKCTHOE OKHO uaun RAG

-~ OpKecTpauusa: KOHTPOAb LUMKANA, MPOBEPKMU

A3bIK KaK YyHMBepcanbHbIn APl K 3a4a4am M MHCTPYMEHTaM
(mogenb cama popmupyeT KomaHAbl), CBA3Ka pa3HbIxX API

https://lilianweng.github.io/posts/2023-06-23-agent/

Short-term memory

Long-term memory

)
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Calendar() Memory
Calculator () [< 1 —{ Reflection
CodeInterpreter() [+ Tools [« Agent (| Planning » Self-critics
Search() [+ ! —| Chain of thoughts
...more = Action —»| Subgoal decomposition
Agent
Perception «
Planning
The “Augmented” Environment
LLM
v
Action
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[MpunoxXeHuna LLM-areHTOB

[ Sub - Al Agent = -
applications | l Agentic Al
Mental Health, Counseling & Therapy Agents ; °

Pharmaceutical & Drug-Related Agents

Vector

Agents for Astronomical Observations

Gene Set Knowledge Discovery <«

Q. s F

Biomedical Al Scientist Agents

|
|
Mathematical Reasoning and Problem Solving |
|

— » Database

—_—— e e — — 4

—>‘ lAlAgentapplications [ }

Healthcare 2 . . Research “
S Biomedical Science B |
Applications Applications :
— |

Ferrag M. et al. From LLM Reasoning to Autonomous Al Agents: A Comprehensive Review // https://arxiv.org/abs/2504.19678v1 @ I ? I
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ABTOMATU3aUMNA HAYYHbIX
nccneaoBaHUN



[TopoXxaeHue rmnortes

NHAYKTUBHbIE pacCyKAeHUsA, UIN PACCYKAEHNA Ha OCHOBE MHAYKLIMM, OKa3blBalOTCA NONE3HbIMM
Npu peleHun psaaa 3agad, cpeamy KoTopbix:

ObHapyXeHMe 3aKOHOMEPHOCTEN B MacCcMBaxX AaHHbIX,
BOCCTaHOB/IeHUE BUAA GYHKLUMM MO ee npumepam,

BOCCTaHOBNEHUNE TPAMMATUKN HENU3BECTHOIO A3blKa MO MHOXECTBY €ro TeKCToB U 4p.

MH,EI,yKTMBHbIe paccyXaeHnAa MOXHO PaCCMaTpmMBaTb KaK UHCTPYMEHT O214 NOPOXKAEHNA TUMOTE3

Mpw a3TOM Nnopokaaemblie rmnoTesbl He 06A3aHbl ObITb AOCTOBEPHLIMU U TPEDOYIOT AaNbHENLLETO
aHann3a, pe3ynbTaTOM KOTOPOro A0/IKHO ABUTbCA X 06ocHOBaHUe (n1nbo onpoBepKeHune)
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Upea JCM-meToaa
Npea metoaa BocxogmT K 1900 r. - oHa 6bina npeanoxkeHa B Havasne XX B. aHITIMUCKUM JIOTUKOM U dunocopom [KOHOM

CrioapTom Munem

[ycTb 3a4aHO MHOXECTBO CTPYKTYp TUNa 06bEeKT-CBONCTBO U Nnyctb 3a4ad4a COCTOUT B TOM, YTO A4 HEKOTOPOIro HOBOTIO
obbekTa Tpe6yeTCﬂ YCTaHOBUTb €ro Hen3BecTtHoe CBOWCTBO

[Npegnonaraetca, 4To 3a Kaxkgoe CBOMCTBO 0OBbEKTa OTBEYaeT HEKOTOpPAA €ro CoCraBHaAa 4aCtb NN (I)paFMEHT

AHaNN3NPYOTCA CTPYKTYpPbI 06bEeKTOB M BbINOJIHAETCA NOUCK O6'beKTOB, nmeruwnx cosnagarowimne CBOMCTBA U CTPYKTYPHOE
cXoAacTBo

Obwue pparmeHTbl 06BEKTOB, 061a4aI0LLNX COBNAAAOLLMMM CBOMCTBAMM, ABNAKOTCA MPUYNHOM 3TUX CBOMUCTB

3aTeMm BbIMO/IHAETCA NOUCK TaKoro poaa (bpaI'MEHTOB B HOBbIX 0OBbeKTax n, ecsin Takmne (I)paI'MeHTbI O6Hapy)+(EHbI, obbekTam
NPUNNAUCLIBAKOTCA CBOﬁCTBa, NPNYNHaMU KOTOPbLIX ABNIAKOTCA O6Hapy)KeHHbIe (bpaI'N\eHTbI

B I'IpOCTEVILLIGM cQiy4dae nosaraerTca, 4to CBOﬁCTBa, 3ad KOTOpble OTBETCTBEHHbI TE€ NN UHbIE d)pal'MEHTbl, NnopoOXAakoTCA
TOJIbKO 3TUMMU (I)pal'MeHTaN\I/I M HNKaK He 3aBNCAT OT OKPYyXeHUA NN KOHTEKCTA

n (@) NIRI



NCM meToa aBTOMATM3aLMM PACCYKOEHUM

- O6HapyXMBaeT 3aKOHOMEPHOCTU B AaHHbIX
C nomoubto nHaykumnm B ctmne A.C.Munna

> [opoxaaeT npaBuia yCTPaHEHMS HeonpeaeeHHOCTU B
AAHHbIX, ncnonb3ya Gpanbcudpmkauuto B ctune K.MNonnepa

- C NOMOLLbIO OPUTMHAJIbHOM
BEPCUM pacCyKOAEHUN
No aHanorum

- OueHuBaeT npaBagonoaobre NOPOKAEHHbIX TMMOTE3 C
NOMOLLbIO HEKOTOPOro BapuaHTa abaykumnm Y.C.Mupca

: Konnektus
uccneposatenen

: AICM-cuctema

MononHeHue
6a3bl hakTos,
Moaudukaumna

cTparermm

[ycnoBue kaysanbHoil
MOMHOTBI He BbINOMHEHA]

MoaroToBeka
OaHHBIX “
\§ Basza =

- thakTos

MHAaykums

\‘_g basa —

P 3HaHWIA
AHanows =  bY——mm— |

[ycnoBume HacbileHuA
He BBINONHEHO)]

[ycrioBue HacbileHus

BbINONHEHO]
ABayKUMS

[ycnoeue kay3ansHon
NONHOTHLI BLINONHEHO]

2 (@) NIRI




CumBonbHbIK noaxon K MN-nccneposatento

Jlornyeckmin cMHTE3 No3HaBaTe/IbHbIX NpoLeayp

BbiABNEHME NPUYMHHO-CNEACTBEHHbIX CBA3EW B TOM YMCAe Ha MasloOM KOJIMYECTBe
NaHHbIX

Mpobnema c B3pbIBOM KOIMYECTBA rMNOTe3 Npu 60/1bLLOM KONUYECTBE AAHHbIX

BepoATHOCTHbIN aAropuTM ANA NOUCKa cxoacTs — BRKP-meTop,
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PeweHne matemaTnyeckmnx 3agayd c nomoulbio LLM

CxemMbl 0byyeHus:

—~ Base+RL— 6e3 gononHuTenbHOM pasmeTku nonydyaem DeepSeek-
R1-Zero, nnoxo uHtepnpetupyembin CoT

- Base+SFTColdtR[Reasy GETComby R| Pref — ¢ tnema fononHUTENbHBIMM
Habopamu AaHHbIX nosyyaem DeepSeek-R1 ¢ KOHCUCTEHTHbIM
CoT

-> Bo3HarpaxaeHua reHepupyoTca no npasuiam UamM No TOYHOMY
COOTBETCTBUIO BbIXoAa moaenu GT

DeepSeek-R1-Zero average length per response during training
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DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models. DeepSeek // http://arxiv.org/abs/2402.03300
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http://arxiv.org/abs/2402.03300

TecT [egena Ha AOKa3aTe/IbCTBO Teopem

-~ Tect [épena — npoBepKa CUCTEMbI Ha BO3MOMKHOCTb
creHepumpoBaTb A0Ka3aTeNbCTBO A4/1A MPOCTbIX
HepeLweHHbIX 33434

> Tectmposanu GPT-5 Ha 5 3apgavax co ctaTbaAMuU-
NoACKa3Kamm

—~ Tpw 3a4a4M NONHOCTbIO pPeLleHbl

—~> OCHOBHas CNOXHOCTb — CUHTE3 TMNOTE3 U3 ABYX M bosnee
MCTOYHUKOB

Prompt to GPT-5

A non-negative monotone differentiable function F': [0, I]N — R>( is y-weakly DR-submodular
if for every two vectors x,y € [0, I]N such that x <y, it holds that

S -z 22 5 (Fy) - P
u€s ks

Given such a function which is also L-smooth and a convex set C C [0, I]N . The goal in

the current problem is describe an algorithm that finds a vector z € € that (approximately)
maximizes F'. A good reference for DR-submodular is the paper attached.

M. Feldman et al. Godel Test: Can Large Language Models Solve Easy Conjectures? // https://arxiv.org/abs/2509.18383v1

Response of GPT-5 (thought for 1m 47s)
Here’s a clean, projection-free method that works under your assumptions and gives the usual

continuous-greedy /Frank—Wolfe style guarantee, adapted to the y-weak DR setting.

Algorithm (projection-free continuous greedy / Frank—Wolfe
variant)

Input:

e monotone, non-negative, differentiable, L-smooth, v-weakly DR-submodular F
0,1V - Ry;

e a down-closed convex feasible region C C [0, 1}V (if C is down-closed with lower hound
u # 0, shift to C' = {& | 2 = y — u, y € C} and optimize F'(z) = F(x +u));

e number of iterations K'; optional linear-oracle accuracy parameters o € (0, 1] (multiplica-
tive) and 0 > 0 (additive).

Oracle: ability to (approximately) solve
v € arg max(v, VF (zy)).
veC

Initialize: xg « 0.
For k=0.1,.... K —1:

1. Compute gradient g, = VF'(xy).
2. (Linear oracle) Find v, € C such that

ke Gk) > a-max{(v,gr) — 50L.
(vk, 0x) 2 o-max(v,gr) — 3

s (@) NIRI
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Hay4yHaa 1 XKUTemckaa KapTuHbl MUPa

—> 3HaKoBas KapTUHa MMpa — NpeacTaBAeHuUs
3HAHMI C MOMOLLbIO JIOKAZIbHO-OPraHN30BaHHbIX
0b6BbEKTHbIX CTPYKTYP

> CamoopraHu3aums B KapTMHE MUpPa — NIaHMPOBAHME, LenenonaraHue,
obyyeHune

> B 3aBucumocTn oT Nnpeobiagatowen KOMMNOHEHTDI
3HaKa BblAEeNsoT TPU TUNa KapTUHbI MUPa:
PALMOHANbHYIO, }KUTEMUCKYIO U MUDONOrNYECKYHO

> PauunoHanbHan (Hay4yHas KapTuHa) Mupa — Beaylume
onepauun ob6obueHna n knaccuPpumrauun,
dopmupoBaHua obpasa

> LLM — annpokcnmaTopbl 3HAaYEHUN U CLEHApMEB
B KApTUHe Mupa

Planning Rational Behavior of Cognitive Semiotic Agents in a Dynamic Environment. FRC CSC RAS. 2021 // https://doi.org/10.3103/50147688221060113

local
rules

Sequence

‘Walk to Door Selactor Walk through Door Close Door
Open Door Sequence Smash Door

Unlock Door

Open Door

7 (@) NIRI



https://doi.org/10.3103/S0147688221060113

The Al Scientist: Open-Ended Scientific Discovery

— [MepBblt ppernMBOPK MNosIHOM aBTOMATU3ALMN HAYYHOTO
ncenenoBaHmMA ¢ ncnosbdoBaHnem LLM

Q Idea Generation :’ Experiment Iteration —=§ Paper Write-Up
- reHepumpyet nccnegosateqbCkme ngeun, nnet T —— 5 BT e , .
. ea/Plan Experiment 5 . % Manuscript
KoA, NPpoBOAUNT SKCNEPUNMEHTbI, BU3YAaNTUSUPYET PE3Y/1bTaThbl, :™|_ innovation ' > Template : . Template

Text A via
LLM & aider

;
- OTAenbHO peann3oBaH NPOLLECC PeLeH3MPOBaHMSA : v v
Reviewing

/19 OLLEHKa KayecTBa paboTbl [ 1aea scoring/ Exporment
p| L|| p A archiving Exec Script

OMNUCbIBAET MX, AeNaeT BbIBOAbI : v v : c:) §
M 0POPMNAET 3TO B BUAE TEKCTa HAYYHOM CTaTbK [ Novelty Check l Code Avia ; :

Sem. Scholar LLM & aider
e

—_— | Tticsiegpsssas

Numerical
Data/Plots

- LleHa Kaa0M TaKkol cTaTbM nosyyaerca meHee S15

| Reviewer | Balanced Acc. T | Accuracy 7 | F1Score? | AUCT | FPR| | FNR|

Human (NeurIPs)' 0.66 073 049 0.65 017 052

Random Decision 0.50 0.50 0.40 0.50 0.50 0.50

Always Reject 0.50 0.59 0.00 0.50 0.00 1.00
Somnet 3.5 052+001 | 0.40£0.01 | 0.55+0.01 | 0.52+0.01 | 0.95+0.02 | 0.00+0.00
Uncalibrated | GPT-40-mini 0534002 | 0.65+0.01 | 0.11+0.06 | 0.53+0.02  0.01+0.01 | 0.94+0.04
nealibrated | pr-40 (0-shot) 061+004 | 0.68£0.03 | 043+0.07 | 061004  0.11+0.03 | 0.67 +0.07
GPT-40 (1-shot) 0.60+0.03 | 0.70£0.03 | 0.37+0.08 | 0.60=0.03  0.04+0.02 | 0.76+0.06
Sonnet 3.5 @8 0.59 + 0.04 0.65+0.04 | 0.45+0.06 | 0.59+0.04 | 0.20+0.04 | 0.61 +£0.07
Calibrated | GPT-40-mini @6 0594004 | 0.64+0.04 | 0.45+0.06 | 0.59+0.04  0.22+0.05 | 0.60+0.07
GPT-40 (0-shot) @6 | 0.63+0.04 | 0.63+0.04 | 0.56+0.05 | 0.63+0.04 | 0.38+0.05 | 0.36+0.07
GPT-40 (1-shot) @6 0.65 + 0.04 0.66 +0.04 | 0.57 +0.05 | 0.65+0.04  0.31+0.05 | 0.39+0.07

The Al Scientist: Towards Fully Automated Open-Ended Scientific Discovery. Sakana Al. Sep 2024 // https://arxiv.org/abs/2408.06292
https://github.com/SakanaAl/Al-Scientist 18 A I ? I
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TecT TbtopuHra Ha nybamnKaumio

—> Bopuwkon «l Can't Believe It's Not Better» Ha ICLR 2025
3 METHOD

—> PaboTbl (naen, TEKCT, IKCMNEPUMEHTbI, BbIBOAbI) MOJIHOCTbIO Oue o 10 nancecompsioa ol eorks by o s compos
tional regul uuqnm"mmlw e training loss. We focus on a simple yet illustrative task: evaluating
creHepupoBaHbl ¢ nomolbio The Al Scientist-v2

arith P ing basic op

3.1 MODEL ARCHITECTURE

o ‘Comment: We use an LSTM-based neural network (Goodfellow et al., 2016) to model the mapping from input
is should i thei d Its. The model ists of bedding layer, an LSTM layer,
- 0OpHa n3 cTaten Nony4ymnna nonoKUTebHble pPeLeH3umn B -5ricus ot computed e, The modelcousissof n enbeddinglayes, an LSTM laye

M 3.2 COMPOSITIONAL REGULARIZATION

Let h; be the hidden state at time ¢. We define the compositional regularization term as the mean
squared difference between successive hidden states:

T

Title ICLR Workshop Sakana Al Al
Scores Human Reviewer Reviewer
Compositional Regularization: Unexpected Obstacles . .
- - . 6,7,6 Review Review
in Enhancing Neural Network Generalization —— -
Real-World Challenges in Pest Detection Using Deep . .

. S .. ; ; 3,7, 4 Review Review
Learning: An Investigation into Failures and Solutions — -
Unveiling the Impact of Label Noise on Model . .

3,33 Review Review

Calibration in Deep Learning

The Al Scientist: Towards Fully Automated Open-Ended Scientific Discovery. Sakana Al. Mar 2025 // https://sakana.ai/ai-scientist-first-publication
https://sites.google.com/view/icbinb-2025
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The Al-Scientist v2

KL

@ Idea Generation :’ Tree-Based Experimentation -=§ Paper Write-Up
( i 2
LLM Idea/Plan —>[ 1. Preliminary Idea Investigation lﬁ%] _p|  Plotting +
Innovation VLM Feedback
& [Write to exp. log] ‘ @D[Select Best Node] l - ' -
( 2
[ 2. Baseline Hyperparameter Tuning é% ] Manuscript
Template
Novelty Check @& [Write to exp. log] ‘ O[Select Best Node] / P
Sem. Scholar L/
l [ 3. Research Agenda Execution [j%] | Manuscript
& [Write to exp. log] * [O[Select Best Nodel] - *
Idea scoring / LLM Paper
archiving [ 4. Conducting Ablation Studies g Reviewing

—> Ha atane reHepauun 0606LLEHHOM MAEN B LMK BKAKOYAKOTCA MHCTPYMEHTbI aHaIM3a IMTepaTypbl, Takne Kak Semantic

Scholar - cuctema moxeT 3anpalwmBaTb 6a3y AaHHbIX IUTEPATYPbI B Npouecce GopMyIMpPoOBaHNS UAEN, YTOObI OLEHUTb
HOBU3HY NpeasiaraeMon KOHUEMNLMW N BbIABUTb COOTBETCTBYIOLLME NpeablayLine paboTbl

The Al Scientist-v2: Workshop-Level Automated Scientific Discovery via Agentic Tree Search. Apr 2025 // https://arxiv.org/abs/2504.08066v1
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AreHTHbIXN NOUCK NO AepeBY

9

MpepBapuTtenbHoe uccnegoBaHue: OnpeaeneHme nepBoHaYanbHoOM
OCYLLLECTBMMOCTM M KOPPEKTHOCTM C MOMOLLbIO MUHMMA/IbHOTO paboyero
NPOTOTMMNA, OCHOBAHHOIO Ha cGOPMMPOBAHHOM UCC/IeA0BaTENbCKON naee

HacTtpoiika runepnapameTpoB: YTOYHEHME NEPBOHAYA/IbHOM peannsaumnm
nyTem oNTUMM3ALMU KPUTUUYECKUX TMNeprnapameTpoB

BbinonHeHUe Nporpammbl UccneaoBaHun: Cnuctematmyeckas peanmsaumn
OCHOBHOW NMPOrpammbl UCCNEA0BaHMN Ha OCHOBE HAaCTPOEeHHOro 6a3oBoro
MmeToaa

AGI'IHU,MOHHbIX MCCI]EAOBaHMﬁ: CuctemaTtnyecKkan oueHKa BaXKHOCTH
pPa3nInN4YHbIX KOMMNOHEHTOB UCCNea0BaHNA, obecneyeHune CTpOI’OVI
nogaep>XXKN OCHOBHbIX SKCNEPUMEHTA/IbHbIX Pe3y/1bTaTOB

LLM reHepupyeT Kak KOHKPETHbIM NAaH SKCNEePUMEHTA, TaK U CBA3AHHbIN C
HUM KoZ Ha Python ana peanunsaumm skcnepMmeHTa, CreHepuUpPOBaHHbIN
KoA, HeMeA/IeHHO BbINOJIHAETCA B UHTepnpeTaTope Python

Stage 1: Preliminary Investigation

@
B D ' T

0O 0O Q
OO0 ®

Stage 3: Research Agenda Execution

@
() @
o 0L
0 O

Stage 2: Hyperparameter Tuning

O Non-buggy nodes

] () Bugay nodes
@00 .
Hyperparameter nodes
® Ablation nodes
Replication nodes
#) Aggregation nodes
Stage 4: Ablation Studies O Best nodes
()
O O O O O Refinement
O O Q .-~ Debugging

2 (@) NIRI



TnnnyHble 3aTpaBKM UccnenoBaTenAa

Ul

MpoBepkKa opdorpadun B cTaTbe —nNepenmncbiBaHmne
ab3aueB v Uenbix pa3aenos

Us

YnyyweHne Ha3BaHUA CTaTbM € noMoLlbo LLM — no
NONHOMY TEKCTY UK NO abCTPaKTy

Uc

BbiaBneHne cnabbix MecT y»Ke HannMCcaHHOM CTaTbM C
nomouwbto LLM — reHepauua peueH3nun nam coBetoB
Mo YAYyYLLIEHUIO TEOPUM/IKCNEPUMEHTOB

U™

Yny4yweHue 0630pa CyLecTBYOLWNX METOA0B UK
reHepaums NOAHOro paszesna co CCbIIKaMu



Deep research ot OpenAl

~> AreHT UCNOoNb3yeT aKTyaibHYI0 OHNANH MHPOPMaLMIO
N MOMKET BbIMO/IHATb MHOIOLLAroBble
nccnenoBaTeNibCKMe 3a4aHunn

> AreHT ncnonb3syet goctyn K ChatGPT n 3aHumaet
oT 5 go 30 MMHYTbI MOUCKA U CMHTE3a OTYeTa

- GPT-40 nyywe paboTtaeT B peasibHOM BPEMEHMU
N C MyNbTMMOAA/IbHOM MHPOpMaLMe

https://openai.com/index/introducing-deep-research/

GPT-40

Grok-2

Claude 3.5 Sonnet

Gemini Thinking

OpenAl o1

DeepSeek-R1*

OpenAl 03-mini (medium)*

OpenAl 03-mini (high)*

OpenAl deep research™

Accuracy (%)

33
3.8
4.3
6.2
91
94
105
13.0

26.6



https://openai.com/index/introducing-deep-research/
https://openai.com/index/introducing-deep-research/
https://openai.com/index/introducing-deep-research/
https://openai.com/index/introducing-deep-research/
https://openai.com/index/introducing-deep-research/

GPT-researcher

-~ Wcnonb3yloTca ABa TUMNA areHTOB —reHepupyoLmin
BONPOCHI U cobupatowmin peneBaHTHYO MHPOopMaL MO

-~ Mocne cbopa MHPopMaLMM NPOBOAUTCA CYyMMapU3aLma C
COXPaHEHMEM CCbIIOK
Ha NePBOUCTOYHUKM

> ®OuabTpauma M arperaumns HeCKONbKUX
OTYETOB B OAMH

&

Say Goodbye to

Say Hello to GPT Researcher, your AI mate for rapid insights and comprehensive research

Sh
>
of Stock analysison Ml K, Help me plan an adventure to # What are the latest news on

https://github.com/assafelovic/gpt-researcher

PDF, DOC, Markdown...

Q: Grace weighs 125 pounds. Alex weighs 2

pounds less than 4 times what Grace weighs.

What are their combined weights in pounds?
(a) | A: Let's first understand the problem and

devise a plan to solve the problem.

Then, let's carry out the plan and solve the

problem step by step.

Q: Grace weighs 125 pounds. Alex weighs 2 3
pounds less than 4 times what Grace weighs. .-
What are their combined weights in pounds? .
A: Let's first understand the problem, extract

(b) | relevant variables and their corresponding
numerals, and devise a plan. Then, let's carry
out the plan, calculate intermediate
results (pay attention to calculation and...
common sense), solve the problem step by
step, and show the answer.

Large Language
Models | |

Plan: We can use algebra to solve this problem. We can set up an equation
with the variable x representing Alex's weight and solve for x. Then, we can
add the two weights together to get the combined weight.

Step 1: Set up an equation. We know that Alex weighs 2 pounds less than 4
times what Grace weighs. We can represent this as:
Alex's weight = 4 * Grace's weight - 2

Step 2: Solve for x. We know that Grace's weight is 125 pounds. We can
substitute this into the equation to solve for Alex's weight:
Alex's weight =4 * 125 - 2

Step 3: Calculate the combined weight. We can now add the two weights
together to get the combined weight:
Combined weight = 125 + (4 * 125 - 2)

Step 4: Answer. The combined weight of Grace and Alex is 497 pounds. X

Variables:
Grace: 125 pounds
Alex: x pounds

Plan:
We can use the given information to calculate the weight of Alex.

Large Language Calculation:
Models | |

Alex weighs 2 pounds less than 4 times what Grace weighs.
4 times what Grace weighs = 4 x 125 = 500
" Alex weighs = 500 - 2 = 498 pounds

Answer:
Combined weight of Grace and Alex = 125 + 498 = 623 pounds v



https://github.com/assafelovic/gpt-researcher
https://github.com/assafelovic/gpt-researcher
https://github.com/assafelovic/gpt-researcher

Alphaxiv — cymmapwu3saTtop ctaten ¢ Arxiv

alphaXiv
£ For You Q
[J Explore
2 People
(] Bookmarks

@ Get extension @

3,050 views 4

About Us
Comment Guidelines
Community Index

Twitter

arxXiv

LABS

https://www.alphaxiv.org/explore

Search alphaXiy

mode |- Atcrpretatoon human- & Inlorac Do

Mind Your Step (by Step): Chain-of-Thought can Reduce
Performance on Tasks where Thinking Makes Humans
Worse

Chain-of-thought (CaT) prompting has become a widely used strategy for
working with large language and multimodal models. While CoT has been
shown to improve performance across many tasks, determining the setting

Read move

. Ryan Liu

generatryve - Modets Newrdl remIen o)

Edify 3D: Scalable High-Quality 3D Asset Generation

We Introduce Edity 3D, an advanced solution designed for high-quality 3D
asset generation. Our method first synthesizes RCB and surface normal
Images of the described object at multiple viewpoints using a diffusion

Read move

25


https://www.alphaxiv.org/explore
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OCHOBHbIe Bbl30Bbl Ha NYTU K
AlScientist




Bbi30B 1: HEMPOCMMBOJ/IbHAA MHTErpauua

-~ WHTerpaumnsa meToA0B AOCTOBEPHOrO CMMBOJIbHOTO
PaCCY»KAeHUsA C HelipoceTeBbIMU 0byYatoLLMMmUCA

Mmoaensmm

> CMMBO/IbHbIE TOKEHbI BK/1aAblBalOTCA B HEMPEPbIBHOE

BEKTOPHOE MPOCTPaHCTBO

- [epexopn, oT reHepauMun LENoYKM LAroB K reHepaumm
rmnoTes n ux panbcndukaumnm

-~ Wnterpayma MCTS nomcKa n N0rM4eckoro BbiBoga

Chain-of-Thought (CoT)

output token X; Xt
(sampling)

last hidden state

Xit2 Kitj

input embedding

input token [Question] = X = Xip1 | Xig2

Training Large Language Models to Reason in a Continuous Latent Space. FAIR // http://arxiv.org/abs/2412.06769

[Answer]

i+j

Chain of C

Thought (CoconuT)

Last hidden states are used

as input embeddings

[Question] <bot>

[Answer]

<eot>

ReST-MCTS*: LLM Self-Training via Process Reward Guided Tree Search. Tsinghua U // https://arxiv.org/abs/2406.03816
Monte carlo planning with large language model for text-based game agents. AAll Sydney // https://arxiv.org/abs/2504.16855

e |
{(Qi. y)IMLs}

sy~ (- Q)
Sy ~ (- [Qq,51)

s3 ~ (- |Q1,51,52)

M: number of prompts
N: number of samples
J: j-th iteration

T: length of a trace

|
A ™,
A

logm(s¢|s<, Q)}
=1

Eqene, Eeer() (@ 5)]] “Eqgueps, |

b

LLM Self-Training

Policy Model

- (@Q1,77)
Qi S<tv;) (Q;: Tir)

(Qi.5<t,v])

T = (Sp5204)

PUCT in MCTS MC with Dynamic Memory Guided LLM (MC-DML)
__PriorPolicy Update Cross-Tiral Memory Action Selection
n(als)
Living Living
Room Room
take latern open trapdoor I e Iata open trapdoor
LLM (a|s)£0.2 \ LLM(a|s)=0.25 LLM (a|s)=7 LiM(a|s)=?
argmax,(0 + U)
U o visit counts - LLM(als)
This is a log of You are playing a game.
unsuccessful gameplay: Your current observation
{TRAJECTORY} is: {IN-TRAIL MEMORY}
Please identify the Your memory about this game
reasons for failure and wr is: {CROSS-TRIAL MEMORY}.
suggest improvements for , Based on your observation,
Eha next round. please select one action
argmaxa(Q +U) ! from {VALID ACTIONS} to
U  visit counts - w(als U explore.
w(als) Moving down into the dark !
‘ RIS EETEEE
_ Simulation to help navigate... open trapdoor - prob: 8.2
Data (s, @) GAME
X FaLs: @ @
+ Utilizes prior information
% Time-consuming with multiple iterations v Ei implemen
x Policy performance depends on simulated data v Good initial policy and ability to improve it during plannin
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Bbi30B 2: 3BOAOUMA NpOrpamm

> AlphaEvolve — 3BontOUNOHpPYOWMNIA areHT,

KOTOprﬁ nMeT Ko,

> 3JBOAOUMA C 0OPATHOW CBA3bIO OT
OLLEHLLINKOB

-~ MNpobnema — 3aTyxaHne 3BOIOLMN NPU

nepebope runepnapameTpos

-~ KauecTtBeHHasn CTapTOBaA TOYKa 3BOJIIOLUUNN

1.5098 — 1.5053

05 = 713 < @7 + 015+ flle

0.8892 — 0.8962

1.4581 — 1.4557

ANA(S) =€
0.3523 — 0.3521

Analysis

4.000 — 3.942 g%} "

12.890 — 12.889

2.6340 — 2.6358

Geometry

'
sup f fosx+0yde2 @
rel-221J-1

0.380926 — 0.380924

|A+B| = |A]
|A-B| > [Al¢

11446 — 11584

Combinatorics

Novikov A. et al. AlphaEvolve: A coding agent for scientific and algorithmic discovery // https://arxiv.org/abs/2506.13131v1

@ Scientist / Engineer

Prompt template
and configuration

Choice of existing
or custom LLMs

Evaluation code

|

Distributed Controller Loop

parent_program, inspirations = database.sample()

Initial program

with components

to evolve

prompt = prompt_sampler.build(parent program, inspirations)

diff = 1lm.generate(prompt)

child program = apply diff(parent_program, diff)
.execute(child_program)

results =

database.add(child_program, results)

% AlphaEvolve

W

Best program


https://arxiv.org/abs/2506.13131v1

Bbi3oB 3: namsaTb AnA A0ATOCPOYHOro obyyeHusn

< *RMT mopgenn — uHterpaums
PEKYPPEHTHON NAMATHL B
apXUTEKTYpPY TpaHchopmepa

-~ TpebyeT cnoXxHoM npoueaypbl
obyyeHuns c pacnnucaHuem

- Heobxogmmo cneumnanbHoO
rOoTOBUTb AaHHble ANns
npeaobyyeHns, Nno3BONAA MOAENN
YYNTbCA NOJIb30BATbCA NAMATHIO

Rodkin 1. et al. Associative Recurrent Memory Transformer. AIRI // https://arxiv.org/abs/2407.04841v2

(a) Recurrent Memory Transformer

(b) Associative Recurrent Memory Transformer

mem ! mem mem | mem '
[ Transformer block ] [ Transformer block ] [ Transformer block ] [ Transformer block ]
[ Transformer block ] [ Transformer block ] [ Associative block ] [ Associative block J
mem segment 2 mem | mem mem !
__________________________________________________________________
[ Transformer block ] [ Transformer block ]
— ociations! == ° 3 iyt S AT
[EE0 L L] +Mh i ass:::;m g [ Associative block ] [ Associative block }
o+
""" Query
. . segment 1 mem segment 2 mem
previcus segment current segment embeddings Lo ..o.icicccccccatbhacaaad L icciiccccceccmeatooaod
¥ ARMT-530k (state_size=25k) > Mamba-530k (state_size=8k) Perfect memory (50 pairs) Perfect memory (200 pairs)
Perfect memory (300 pairs) X Mamba-730k (state_size=25k) A RMT (state_size=4k) X PRMT (state_size=4k) RMT (state_size=0.5k)
(a) (b) 101
300
g 00 PEA——————¢ .
] : 5‘\7(_)(———)(—\\4 NV e —
E 200 5 b
< g g
2 E 99
T = i o
8 3 in
- 2 >
5 100 i o
=] 98 1o
= @
5 R
-4 iR
Y
H]
0 97 :
0 200 400 600 800 1000 0 250 500 750 1000

Number of key-value pairs

Number of key-value pairs
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https://arxiv.org/abs/2407.04841v2

BbizoB 4: nocT-TpaHCchOpmepbl

Algorithm 1 General agent training procedure

for episode=1..n do
RESET_MEMORY()
action < initial_action
while (not terminal) and (steps < max_steps) do

—> [OUCK HOBbIX apPXUTEKTYP C NCMOIb30BaHUEM HEMPODU3NONOTNYECKUX ;‘
3
4
> OCHOBaHHbIM Ha HEMPODU3NOIOTUYECKUX MOAeNAX HeoKkopTekca, DHTM 5: obs, reward +— STEP()
6.
7
8

KOHUenuun paboTbl mo3ra

MCNONb3yeT pacnpeaeneHHble NpeacTaBAeHNs, Pa3perKeHHble MaTpuULbl features <— ENCODE(PREPROCESS(obs))

OBSERVE(features, action)
nepexogoB M NOKanbHble xebboBCcKMe npasmaa obyvyeHumn REINFORCE(reward, features)

9: action +— SAMPLE_ACTION()

-~ DHTM npeBocxoaut LSTM, RWKV n 6uonormnyeckmn npasgonoaobHbie 10: ACT (action)
anroputmbl HMM n CSCG Ha HecTauMoHapHbIX Habopax AaHHbIX E Z“tfi while
. €na ior

ec/ = 4
ec (oracle) = —

e +—|

cscg (oracle) ‘I

Istm (oracle) o |

€scg I| o

HE
ec rvkw (oracle)

block ec (oracle) — Istm rwkv (oracle) (]

— rscg === |stm (oracle}
=== cscg (oracle) rwkv + —_f

400 600 800 1000 1.0 15 2.0 2.5 3.0 3.5 4.0 4.5
Episode Total Steps %104

Dzhivelikian E. et al. Learning Successor Features with Distributed Hebbian Temporal Memory. MIPT & AIRI. ICLR 2025 //
https://openreview.net/forum?id=wYJII5SBRYU 30 A I ? I



https://openreview.net/forum?id=wYJII5BRYU

BbI30B 5: MynbTUMOLa/IbHOE SKCNepPUMEHTUPOBaAHME

—> AreHT Ha OCHOBE A3bIKOBOW MOAENN TECTUPYET CBOM MJIaHbl B
MHTEPAKTUBHOM cpeae

-~ KoHuenuua cpenbl: apXMTEKTOP A3eT MHCTPYKLUIO U KOMMEHTUPYET
[EeNCTBUA areHTa, KoTopble CTapaeTcs BbINOMHUTL BblAAaHHYIO 33434y

> WTepaTMBHOE 0by4YeHME apXMTEKTOPA M areHTa

Language ¢

Model

Instructions

Make wooden pickaxe..

Dataset

Instructions

Generate
plans

R

'1

Plans Options

Cl/ t/oodP Tb

Collect Nood Collect wood,
Sleep, Make a wooden Picka;

crdprnc

Language

Model

Plan Options

Scores

-

)
==
)

_)

PLANS OPTIONS
environment

Success Rate for
each plan

subtask from plan
instruction

> \ observation
Policy
Model

action

environment

subtask
instruction
action observation
Policy
Model

Volovikova Z. et al. Self-Guided Plan Extraction for Instruction-Following Tasks with Goal-Conditional Reinforcement Learning. AIRI 2025

Language Plans

Model

reward for
each plans
Ftlan? Policy
Validation Model

Place a tower of 4 yellow blocks
in the middle of the grid.

Move two blocks to the left
and right of the highest
yellow block.

Generation

instruction
to plans

mapping
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MN-accncteHTbl ccneaoBaTensa-
NnabopaHTa



BonnouweHHbIM MM-accucteHT nccneposartens

- OsuxeHune K AGI 3a cuet
ﬂ’, peanmnsaunm 4oNrocPoOYHOro

/// .
NNAAHUPOBAHUA U PACCYKAEHUN
)N
( ) 4 )
Peanusauna koHuenumu BOMNOLLEHHbIN Peanusauna koHuenumnu
,ﬁvﬁ\ WUW-arenTa 3a cuet UM-accucTenT € /> BOM/OLWEHHOrO areHTa 3a cyer
KonnabopatMBHOCTH —=—  MCNONb30BaHUA SKCMNEPUMEHTOB
U MHTer i nccnepoBaTens
pauun ¢ MM-LLM B peasbHOM mupe
. _/ . _/

Co3faHmne accUCTeHTa uccaenosaTens
[
F&Q 33 CYeT peannsaumum mogenm
HaYYHbIX PACCYXAEeHN




Chemputer n Chempiler

9

ABTOMaTM3aUMA XMMNYECKOTO CUHTE3a orpaHunyeHa cneunaansmMpoBaHHbIMUA

MHOYCTPUaAZIbHbIMU NpouecCammn

ABTOMaTM3NpOBaHMA cuctema Chemputer npegHasHayeHa
[ANA CUHTE3a LeNeBblX MOJIEKYN

Chempiler — nporpamma, reHepupytowas gna Chemputer

HN3KO-YpOBHEBbLIE MHCTPYKUWNU, BbIMOJSIHAEMbIE na6opaTopr|Nw1 CUHTE3UNPYIOWMNM

poboTtom

Chempiler cobupaet MHdopmauuto o GU3NYECKMX CBA3AX U COCTaBe
aBTOMaTM3UpPOBaHHOM naaTtdopmbl B BUAe rpada n obveauHsaer

ee C annapatHOo-He3aBUCUMbIM A3bIKOM CUEHAPUEB

N>

Syringe
pump

Six-way
valve

1 |W Towaste

1-12 Reagent

positions

- -
=

/TN
N

Reactor

B

Rotary evaporator

Hardware |
Operations |

y

Work-up

Isolation

v

WV XL/

Reaction
Abstraction

MOVE ({src},{dest]}...)
PRIME ({; d}...)

SEPARATE ({phase,...)

START_STIR ({name})

START_CHILLER ({name})
STOP_CHILLER ({name})
SET_TEMP ({temp},...)

SET_STIR_RPM ({rpm}))

START_VAC ({name})
SET_VAC_SP ({name})
STOP_VAC ({name},...)

START_HEAT ({name})
STOP_HEAT ({name})
SET_TEMP ({temp},...)

a

Organic synthesis in a modular robotic system driven by a chemical programming language. Science 2019 // http://dx.doi.org/10.1126/science.aav2211



http://dx.doi.org/10.1126/science.aav2211

Camoynpasnsemble nabopatopumn

3dPeKTUBHbIE aBTOHOMHbIE 1abOPaTOPUU AOMKHbI:

> paboTtaTb bbICTPEe, YeM NPOCTO
aBTOMATU3MPOBAHHbIN NpoLecc

[a] Self-driving laboratories (SDLs) use decision-making algorithms
to accelerate automated experiments

self-driving laboratory

progress toward
scientific objective

self-driving laboratory

TN

O@°

T
-> AO/1XKHbl ObITb 6bITb NEerko adanTnpyembimun £ & yd

automated 4
K HOBbIM UCCneaoBaHUAM oxperment r
pl |nstrihonsfor \ g

next experiment

Nk

expenrnenl—pla nning
jorithi

number of experiments completed

El these human tasks create a bottleneck

(1 (2 (3] |
published result — 4}4

there are many observations there are many decisions for there are many actions for the %
for the human to make the human to make human to complete

o @: M6, o %, % K

! » automated - c'9.:,; 2300 ) 0‘91« %,, %’é o,

£ tasks = i i ; ; @, 170 R R Ty R R
interpret SDL experiments modify experimental procedures (BN ‘;5/ O} & [c)

[a] _self-driving laboratories

(SDLs) involve human tasks . .
[b] SDLs can work 600 times faster than automation alone

automaled

ith i P
algorithmic ‘ 1 10 100 1000
acceleration factor | t t t

experimentation decision-making decipher SDL error logs configure decision-making algorithm

v intail + < v L &
observe SDL hardware maintain or upgrade SDL hardware & _eg"l(&o 'O%' OZ(’-\%% 'S_'Q’ '9_‘6._0
9 inspect experimental materials @ configure data processing algorithms 5”, 439 %, T B G T % 9
human e 7Rk, e s, B G,
i tasks : interpret manual experiments simulate SDL experiments <) ’7J 7,
observations actions P P  the human P & 7
9 / analyze simulation results is a bottleneck perform manual experiments
decisions read literature restock SDL consumables

receive status alerts correct SDL failures

It
> | a,

How to build an effective self-driving laboratory. MRS Bulletin. 2023 // http://doi.org/10.1557/s43577-023-00476-w
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CLAIRify: A3bIkoBble mogenn ana XuMmyeckmnx poboTtos

> CLAIRify KOMBUHMPYET aBTOMATUUYECKUIN UTEPATMUBHbLIN NPOMMTUHT C
BepudmKaumen Nporpammbl BbINOIHEHMA ®

CLATRify

[Pasc)

5
<Add vessel="V1" reagent="acetic
acid” amount="40 g"/> J

Available hardware: beaker V1
Available reagents: acetic acid
i e

Structured

language
definition

Environment
constraints

-~ NMnaHupoBaHue genctemuin Ha PDDLStream

Feedback

Guantily & not a permissible=
attribute for the Add tag.

—1
Add 40 g acetic
acid to beaker [

e verifier
Unverified | B B
Chemistry experiment structured y v ]
Repeat this 2 times: 5 language = 1

<Add vessel="V1" reagent="acetic
acid" quantity="40 g"/>

Add 15 g acetic acid to beaker.
Stir for 20 seconds.

Wrong output

OR
4 Robot
<Add vessel="V1" reagent="acetic execution
acid" amount="40 g¢"/>

Structured language generation Structured language generation

=8

by CLAIRify without iterative prompting
<XDL> <XDI>
<Hardware> . ‘ <Hardware>
<Component id="beaker"> Error: I'liardwa(e |-=|<Vessel| id="beaker"> (b) - < = = 5 : o =
Ay cé:r;\(:;zec:'n::ér; | </Hardwaze> Robot planning - Esk:md Motion Planning (TAMP) Skills Heterogeneogts)(;asb Devices ‘
= Ll 2|, .. Perception domain, goal, initial condition
<Procedure> <Procedure>

stirring

Error: Steps attri-

<Repeat |st

camera | |marker | | weight
=
= NS

h
:
:
H
H
peat repeats="2"> ‘ 2> i
epeat repeats= 5 { ) n
~ ; bute not defined '
<Add vessel="beaker" — ‘ <Add vessel=!'beakerl" : [0'?' 0.1, 0.1],
reagent="acetic acid"| [Error: "beaker1" } reagent="acetic acid" . \ "container0”: | S [ PoDLStream
S e " S n " ' A o ": ["water"],
amount="15 g"/> not defined in i 15 g"/> ! | Chemistry Description Language (XDL) ra constrained
<Stir ssel="beaker" Hardware vessel="beakerl" | covnensaras [04)6, -0.3, 0.2], motion plan
time="20 s"/> '20 s"/> s "containerl”: | sampler
< /R at> < o [ . "content": ["salt"], Hy— - —
/Repeat / ' <Component id="beaker(" "pose”: ™ )
</Procedure> ‘</Procedure> : type="beaker" /> [-0.2, 0.2, 0.1], '
</XDL> </XDL> wLw ! | </Hardware> eady [ ]
+ | <Reagents> ek PDIDL task ‘
: <Reagent name="vater"/> e - panner
! <Reagent name="salt"/> goalnt: . Robotiq .
i | </Reagents> ("poured”, "beakex0O", Dynamixel
T : "salt"), end-effector a Semo
! | <Procedure> (FRouESd S bRaker s, TAMP -
TAMP . <Add vessel="beaker0" | e | Output §
3 H reagent="salt"
‘ 10 g"/> ("pick”, "containerQ")
: eaker0™ Action ("move”, "containerQ", "beaker(")
! ater" Sequences (“pour”, “container0", "beaker0")
' > ("place”, "container(Q")
: :
H <Stir vessel="beaker("/> Motion S =
g0 = (0.00, 0.04, 0.04, -2.37, ... )
1 | €/Procedure> Trejectory gl @ (0.00, 0.33, =0.07, =2.17, ... )
i | </synthesis> -

Heterogeneous lab
devices & robots

Large language models for chemistry robotics. Vector Institute. 2023// https://openreview.net/forum?id=Irv4BHtRat



https://openreview.net/forum?id=lrv4BHtRat

ORGANA: poboTOTEXHUYECKUN XMMMNYECKNIN ACCUCTEHT

9

ApanTtauma K HOBOMY NPOTOKOJ1y SKCNMEPUMEHTOB —C/IOXKHbIN
npotwecc

Organa — pob60TM3MpoBaHHaA cMcTeMa, KOTOpas aBTOMAaTU3IMpyeT
Pa3NINYHbIE XMMUYECKUE IKCNEPUMEHTbI U MPUHMMAET PELLEHNA
COBMECTHO C XMMMKaMM

LLM ncnonb3yeTca Ana onpeaeneHuns Lenen skCnepumeHTa,
yCTpaHeHMA HEOAHO3HAYHOCTH
N reHepauunm KypHana sKCNepmMMeHTOB.

Organa NAAaHNPYET U BbINOJIHAET C/Z1I0OXKHbIE 334341
C BM3yaﬂbHOl71 O6paTHOVI CBA3blO, Noanepxnead N1aHNUPOBaAHUE U
napannenbHoe BblINO/IHEHUNE 3a4a4

ORGANA results
-0.2 \Rndux potential - pH value relatianship Slope estimation .
) ~ f
3 -0s ~e N\ 020
e |
g -06 g & | \ 015 &
n- /A g
-g -08 / \ 0.10
= 2 / \ 0.05
N\
0 +~L 0.00
o Slope estim
e 0.25
=
% 04 0.20
'E -06 & 015 5
¥ 2" =
§ -0s 010
[ 1
0.05
0 0.00
0 2 6 8 10 12 14 -70 -5 -60 -55
Human results pHvalue Slope of the first region (before pKa1) [mV/pH unit]

Human

Human

Human

ORGANA: A Robotic Assistant for Automated Chemistry Experimentation and Characterization. Vector Institute // http://arxiv.org/abs/2401.06949

|Experiment Low-level

_description

description™ 0 experiment
> CLAIRify

goals

Motion + At
LS ‘a 0 action plan Robot = 5
motion OXSEUHIDR Data analysis
planning Lt workflows

Algorithm

Perception Action

Visual turbidity | [ Visual pose [ e I Poiog Comtrnlnld]

Fully

estimation estimation transferring
Hardware ]
e | o
Motion +

Task and
action plan
motion =hE R°b?t
planning execution
Perception Action
Algorithm Algorithm

experiment

[mk&ml Pouring IC“"W‘"‘“]
o
Robot arm Stir plate Heat plate f. =
Experiment Low-level Motion +

Task and
motion
planning

action plan

ORGANA (pH)

Algorithm

[Hdc&PhuI Pouring ]'C""’E"".“:’]

Hardware

e | |
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ABTOMaTM3MpOBaHHaA nabopartopma Insilico




3a4a4n ANnA pa3BUTUA

Ul

leHepaTop AenCcTBUIM paboTaeT ¢ KNacCUYecKumm
nnaHnpoBWMKamu Tuna PDDL — Heobxoaum nepexon K
coBpemeHHbIM VLA moaenam

Us

HenonHaa nogaepKa KonnabopaTUBHbLIX
CLEHapueB 1 NHTepnpeTauma CUueH —
paboTa ¢ My/ILTUMO/AA/IbHLIMU MOAENAMM
aHa/n3a CcugeH

Uc

MNoaaepKa B OCHOBHOM CTaLMOHAPHbIX MAaHUMYIATOPOB
6e3 HaBuraumu

B YE/I0BEKO-OPMEHTUPOBAHHOM nabopaTtopmumn —
NCcrnoab3oBaHue MaHUNYNATOPOB

U™

Cnabasn uHTerpaumsa c MoaensiMn reHepaLmm NPpoTOKO/10B
MCNbITAaHUA N HOBbIX TMNOTE3 — CBA3KA C PACCYyKAaHLWMMMU
A3bIKOBbIMW MOAENAMM



JTabopaTopua — NPOMEHKYTOUHbIN YPOBEHb PEa/IMCTUYHOCTHU

v

CneuunanbHO CNPOEKTUPOBaAHHASA
NEeTepPMUHUPOBAHHAA NOJIHOCTbIO
Habnopgaemas cpeaa

NabopaTtopHaa konnabopaTmBHas
cpena oA NpoBeAeHUA Hay4YHbIX
3KCMNEPUMEHTOB

X

Yenoseko-opmeHTMPOBaAHHAA
HegeTePMUHUPOBAHHAA
YyacTUYHo-Habnoaaemasn cpea




AlRoboScientists — nnaHnpoBaHne n nposBeaeHue
HAaY4YHbIX SKCNEePUMEHTOB B n1abopaTopumn

Mpobnema:

MpoBeaeHUe peasibHbIX « MOKPbIX» IKCNEePUMEHTOB B labopaTtopumn —
OAMH N3 CaMbIX JOPOroCTOALLUX 3TarnoB Hay4yHOro UccneaoBaHUsA

PeweHwne:

Ncnonb3oBaTtb KoHUenuuto AlScientist coBMecTHO ¢ po60TOTEXHUYECKMM
BOMIOLWLEHME ANA ceTn nabopaTopui

ﬂ/? MeTozapbl PacCyKaeHWii
%,

ana LLM/VLM Lienesas 3agaua

(cuHTE3 MONekyn B papme)

</>  MeToabl N1aHNPOBaHMA
—_— ana LLM/VLM

\ / MapTHepbl BHegpeHUA

o0 o MynbTrnareHTHasA A Robo Al4Science

/H\/H\ MYNbTUMOAAIbHaA Scientists
cucTema obyyeHus J Mo6UAbHbIE M MaHUNYAALMOHHbIE

. ) o6oTbI

r?d Hosble VLA apxuTeKTypsbl P

‘G C foobyyeHnem
\ S




MpoTtotnn Ha BT 2025 coBmecTHO ¢ Al4Science Cbepa




NHTepnpeTaumsa U NOHMMaHWE BU3YabHOM CLUEHbI

Pa3BuTME MynbTUMOAAIbHOM Mmoaenn BBQ ans oTBeTos Ha

BOMPOCHI N UHTEPNPETAUNIO CLLEHDI

Sensory Input ’ Map Object
RGB Image ‘Sequence |

Class-Agnostic 3D Object Map.

Class- Agn ti

Association

Deplh Image Sequence

DINOv2 Feature ' »
Extractor 3 s,
Merging of Point Clouds and Features
Ccmcr- | for i and Map Objects

3D Mapping

Descriptor Extractor

Object Best View 3D to 2D Projection

Node Generation

Multi-view Clusterization Raycasting

Camera Trajectory

Captioning | | Encoder
Model OpenCLIP!
5 SigLIP/ EVA2

v v

Image-Text

For Each Map Object

Scene Graph Prompt

Targets:
iyl ObleCts

Input Text Query

"Facing armchairs,
select the left lamp"

Large Language Model
LLAMA3-8B / GPT4

Related objects (Targets, Anchors)

Large Language Model
LLAMA3-8B / GPT4

Scene

Anchgrs:
s Obijects

Point Cloud

DINOV2 Embedding

CLIP Embedding

Text Description

Object Text CcLIP
Description Embedding

Edge Genera(iom
v

(2.2m, lef, front, above)

(1.8m, left, front, above)

3D Scene Graph

Beyond Bare Queries: Open-Vocabulary Object Grounding with 3D Scene Graph. AIRI & MIPT & SbherRobotics. ICRA 2025 // http://arxiv.org/abs/2406.07113

== ground truth —— BBQ

OpenFusion == ConceptGraphs

a) Query: "Object used to transport clothes while
traveling, found on the right of the TV"

BBQ-CLIP ConceptGraphs OpenFqsion

B basket cabinet " door M rug pillar

B blanket  candle Mstool Mpot [ table M floor M lamp

“ blinds chair W sofa Mbook M switch M vase M window M wall
43

b) Query: "Select the bed that is near the backpack™

Conceptfusion

plate M picture ™ indoor-plant M wall-plug
M plant-stand M vent

i cushion

@ NI
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MHTepnpeTaumna n NOHMMaHNE BU3Ya/IbHOM CLEHbI

Center for >’ SBER \/ :
\ e g8 i ©
- YD e 1L

Beyond Bare Queries:
Open-Vocabulary Object Grounding with 3D Scene Graph

Sergey Linok Tatiana Zemskova
Svetlana Ladanova Roman Titkov Dmitry Yudin
Maxim Monastyrny Aleksei Valenkov
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Bu3yanbHasa obpaTHanA cBA3b OT cpeabl

BbINO/NHEHME UHCTPYKLNIM YeNOBEKa C aHa/IM30M TeKYLLEN

CUTyauum ¢ ucnosnbsosaHmem moaenn LERa

LERa Module

Instruction 1 1
] . 4
Explain Replan
What would be What is correct plan?
the correct plan Description:
to accomplish the goal 1. The first step of the
if the first step of current plan has failed
the current pian failed? because the fridge
is already open...
( 1. The first step of the \
current plan has_hiled put(fridge)
Observation ; ) g close(fridge)
e | e el
is open. 2. next step wouldbe = u
mmo':én“f;gan,mm' 0 put the tomato close(fridge)
slice ';.e the ﬁ'ds;:;d move(sidetable)
since the robot PREREL
cannot open it any further.
& P € b ¢ 4

LERa: Replanning with Visual Feedback in Instruction Following. AIRI & MIPT & SberRobotics

‘4 1 i
i LERa Module s Request replanning
i 1 Fallure
f i e v
Instruction, old plan ; New plan
& 1
A4 ' )
(1) Task Planner Get next subtask | Subtask Checker
Success | Success of Failure?
Subtasks: 8
Instruction : move(book), ;
"Drop two books pick_up(book), /
on the table" move(diningtable), (2) Subtask Executor
put(diningtable), Subtask | - e
Navlgator Motlon Planner

Agent

Observation Oy,

Action

Observation Oy




Bu3yanbHasa obpaTHanA cBA3b OT cpeabl

Remove from table Remove all
appie and lemon vegetables and fruits

LERa: Replanning with Visual Feedback in Instruction Following. AIRI & MIPT & SberRobotics

Move pasta
iNnto containetr

46
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[looby4yeHune B peasibHOW cpeae

[eHepaumsa NocneanoBaTe/IbHOCTU HU3KOYPOBHEBbBIX AENCTBUN U

noobyyeHume B cpege Ha 6ase PlanFormer

joint_state [18]

>

target_object_pos
m

gt_object_pos
3

last_action [7]

>

Transition From Offline to Online Reinforcement Learning for Robotic Manipulation with Transformer-Based Models. AIRI & FRC CSC RAS

19p0oous Jawiojsuel|

0.8

Success Rate

0.6

0.4

0.2

Oe = PPO (Base)

Actiony, o

Actiony, ;

Actiony, »

Action;,

joint_state [18]

>

X-Attn
R

i

f

1

f

Transformer decoder

i

f

f

I

target_object_pos
m

CcLs
token

CLs
token

CLs
token

CLs
token

gt_object_pos
(3]

last_action [7]

>

19poous Jawiojsuel|

2k

X-Attn

Offline-Online Methods
3C - P rCHer -> PP

- A

3k

Oe

4k

Learning Iteration

5k

Q

f

I

i

Transformer decoder

f

I

f

I

Actiony, o

Actiony, 4

Actiony,»

Action;,




[eHepauma HOBOro NPOTOKOA UCMbITaHUI

A3blkOoBaA mogenb C NONHOTEKCTOBbIM aHA/IM30M HaY4YHbIX

Reasoning Reasoning Answer
~ step 1 step 2
TEKCTOB U MOoAaynem paccyxxKageHnm gna ontmMmmsaumnm A A A
NPOTOKONOB 3KCNEPUMEHTOB Ha 6ba3e moaenn ARMT — — — —
Attention |[M| Attention M| Attention |[™|Attention
+ 4 + +
Memory Memory Memory Memory
input: task
(a) Recurrent Memory Transformer (b) Associative Recurrent Memory Transformer
{memi ' mem {memii ' mem | P i mem o !l mem !
[ Transformer block ] [ Transformer block ] [ Transformer block ] [ Transformer block ]
[ Transformer block ] [ Transformer block ] [ Associative block ] { Associative block ] Reasoning Answer
step 1 _
________________________________________________________________ Jh predict from predict from A
mem segment 2! mem : i mem : : " mem ! memory memo
h ] | ) S S | ry
[ Transformer block ] [ Transformer block ]
.| opamea 8 RMT RMT RMT RMT
- . D | [ Associative block ] l Associative block ]
et
""" [ Query |

. . ] segment 1 ' mem : ] segment 2 '\ mem : input: task
previous segment current segment embeddings ... .. T.o__..-._---- 1 '‘NERhEE ! g 1

Associative Recurrent Memory Transformer. AIRI & MIPT // https://arxiv.org/pdf/2407.04841

w (@) NIRI
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3aKkn4YeHune

ABTOMAaTM3aLMA HAaYYHbIX NCCIEA0BAaHMN — naeanbHasA
3a/a4a Ana otpaboTku anemeHToB AGI

3

PoboTmnsaumna n1abopaTopHbIX SKCNEPUMEHTOB, HAaNPMUMep, B
XUMUU, ABNSIETCA U OT/IMYHBIM NOJIMTOHOM A/17 TECTUPOBAHUA
MOBUNbHbIX aBTOHOMHbIX POBOTOTEXHUYECKMX NAaThopMm

c

HecKonbKo BbI30BOB Ha nyTu K AlScientist:
HEeMPOCMMBOIbHAA UHTErpaLms, 3BONIOLMA NPOrpamm,
NamMATb, HOBblE AaPXUTEKTYPbI U SKCNEPUMEHTUPYIOLLNI
areHT

I-I

AlRoboScientist — nHTerpaymsa nocnegHux
pa3paboTok AIRI gnsa aBTomaTtmnsaunm nabopaTopHbIX
9KCNEePUMEHTOB: MYJ1bTUMOAA/IbHAA reHepauua
AENCTBUN, CneaoBaHUE NHCTPYKUMAM, MHTepnpeTaumsa
CUEH 1 ooby4yeHMe B OHNANH peXnme

o (@) NIRI



KOHTaKTbI
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grafft.github.io

Ofa0
¥
=%

ai_panov

AnekcaHgp lNaHOB

anpeKkTop nabopatopun CAIS AlRI
anpekTop UKM MOTU

E panov@airi.net
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