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1. MocnepoBaTeNbHOE NPUHATHE PELLEHNIA

2 Ocobbin pasgen MawmnHHOro obyyeHus

3 OcHOBHble anroputmol: oT Q-obyyeHmna o RLHF
4 KaKkne 3aga4m nomoraet pewaTb?

5 [Tpymepbil



O nekrope

[MTaHoB AneKcaHAap

AOunpektop nabopatopum CAIS AIRI, gupektop LleHTpa KOrHUTUBHOTO
moaennpoBanma MOPTU, a.d.-m.H., JOUEHT

"  QbyyeHue c NogKpenaeHMem Ha OCHOBE MOAEIN MUPa
"  KorHuTMBHaA pobOTOTEXHMKA

" [naHMpoBaHUA NoBeaeHUsA (A3bIKoBble MOAENMN,
MHOroareHTHble CUCTEMbI)

KoHTaKTbl: Telegram (@grafft, @ai_panov), panov@airi.net



https://t.me/grafft

MocnepoBatesibHOE NPUHATUE PeLLEeHUI



[lpHATUE pelueHunAn

O - @ -

BxoaHasa MpuHartue Peanusauus OueHKa
nHpopmauumsa peweHui peweHus pe3ynbraTa

: BxoaHaa nHpopmauyma: koopamHatel GPS, 3anmcb o KaneHTe B B/1

. MpuHaTHe pelleHna: obpaboTka, aHa M3 B COOTBETCTBUM C LieNIbio (UTOFOBbIM PE3yNbTaTOM)
. Peanunsayma peweHuna: ABUXKEHUE BNepen, 3BOHOK KANEHTY

. OueHKa pe3ynbTaTa: pacCToAHME A0 uenun, BbinaaTta 3a40/1KEHHOCTH



[lochepoBaTtenbHoe
NPUHATUE pPeLleHNI
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BxoaHasa MpuHartue Peanusauus OueHKa
nHpopmauumsa peweHui peweHus pe3ynbraTa
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Oby4yeHue c
NOAKPEN/IEHUEM

MHTEJIJIEKTYAJIbHOIO all€HTAd

B cpefe C HEMOMHOM MHPOPpMaLMen



MapKOBCKMN NpoLecc NPUHATUSA
peLweHnn

Myctb < S,A,T,R, ¥ > - MapKOBCKMU NPOLLECC NPUHATUA PELLEHUN, TAe:
S — npocTpaHcTBO (MHPOpPMALMOHHDIX),
A — MHOXKecTBO (AMCKPETHbIX, HEMPEPbIBHbIX),
T:S XA — S — pyHKUMA nepexogoB (He n3BECTHa areHTy),
R:S X A = R - pyHKUMA BO3HATparkAeHUM (He n3BeCcTHa areHTy),
Y — AUCKOHTUPYIOWMIMA MHOXUTENb

ATeHT BbINONHAET AENCTBUA B cpeae, NCNONb3ya GYHKLUIO

(cToxacTnyecKyto Nan gete pPMUHUPOBAHHYIO)
mS—->A
Llenb areHTa — MakCMMU3MPOBATb OXKNAAEMYIO Mo cTpaTeruu T:

T
Er ) 7'R(s )
t=0



HabnoaeHne n none3HocTb

COCTOAHMA U HabNIOAEHNA areHTa Ha NPUMepe KNeTOUHON cpeb:
a; - NepemeLLLeHNA U3 OAHOM KNETKM B COCEHION He 3aHATYIO,
2
0, € R _ areHTa,

St = f(0q, ..., 0¢) — GYHKLMA COCTOAHMUSA (PEKYPPEHTHAA
HEMPOHHAsA CeTb)

environment state

Q — oxmnaaemas oTAaya ANA TEKYLLEro COCTOAHUA U AeNCTBUA:
A
_ i
Q(sg, ap) = Eg E Y'R(si, a;)

ANA ONTUMaNbHOM PYHKLMUN NONE3HOCTHU
(onTMManbHaAa cTpaTerna XaaHaa Nno NoaAe3HOCTH):

Q*(s,a) = [Est~T[7”t Ty Q" (st at) |s, a]

onTuMalibHas CTpaTerus 3HAYECHHA MOJIE3HOCTH



ANNPOKCMMALMA NOSIE3HOCTU

YpaBHeHwue bennmaHa 06bluHO peluaeTca UTepaTMBHbIMU MeTo4aMM U
BBEAEHMEM dyHKumnm nonesHoctn: Q(s,a; 0) = Q(s, a)

[lna NnoncKa onTMManbHbIX 3Ha4YeHM NapameTpos O BBoAMTCA

L(6) = Esq-pl(y — Q(s, @ 0))]

y = [Est~T[rt +y max Q (s¢,a:50) |s, a]

[MOMCK MMHMMYMA TaKOW GYHKLMN NOTEPb MOXKHO NMPOBOAUTb

o L(0) = Bs s (e +y maxQ (s 6) = 05, @;0)) Vo Q5,2 0)|



ANTOPUTMbI aKTOP-KPUTUK

Beegem Hanpamyto napameTtpusaumio ctpaterum: (s; w) = Plals, w]

[ycTb 3agaHa agudpdepeHumnpyemas J, Toraa
CNpaBegnBO BblparKeHUA oA rPagmeHTa:

V,J(w) = IE,AT(W)[VWlog #(s; w) QTWI (s, ]

[na oueHKM 3HaYeHNA GYHKLUMKN None3HOCTU Q Ncnonb3yeTca KPUTUK —
NONYYAETCA aPXUTEKTYPA aKTOpa-KPUTUKa:

Beca o6HoBAAOTCA ¢ noMoLbo GyHKLUMKM noTepb L(F), 06bl4HO Environment

yalle, Yem Beca cTpaTermu,

Beca 06HOBNAIOTCA B COOTBETCTBUM C MAaKCMMM3aLUMen GyHKLUUN
nonesHoctn J(w)



——3 [10JIE3H. 0.388

Oby4yeHue ¢
NOAKPEN/IEHKERS Lo u\h

DD ==& 3) 1.0 oo TTOJIE3H. 1.0
l:‘ »559 oo JEFICTBUE DOWN
1 2 3 4 JEWNCTBME LEFT
IIOJIE3H. 0.865

1. MpepnckasaHve nonesHoctu (value) — GyayLieit cymmbl BO3HArpasKAeHUIA Mo OnbITy U YPaBHEHUIO
' BennamaHa

2. CocTosaHue (state) — nonHaa nHdopmauma O TEKYLLLEM MOMEHTE A4 ONTUMAaNbHOIO NPUHATUA
peleHus

' 3. [locTteneHHOe HaKoMN/ieHWe ONbITa — uccaneaoBaHue cpeabl (exploration)

4. Crpaterusa (policy) — (nouTn) }agHaa No NONE3HOCTH

___________________________________________________________________________________________________________________________________________________________________



Ncnonb3oBaHue OonbiTa

_______________________________________________________________________________________________________________________________________________________________________

1. Koraa (?) onbIT AOCTAaTOYHO pa3HOOOpPaA3eH — ero MOXKHO UCMO/1b30BaTb
' (exploitation) ans o6bHoBNEHMA Nnone3HoCcTH/cTpaTernm

2. HakonneHue onbiTa NOCAE HECKONbKUX OBHOBNEHUIA — 0ByYEHMNE C OTNOMEHHbIM
onbiTom (off-policy)

3. Wcnonb3oBaHMe TONbKO CAMOrO CBEXKEro onbiTa — 0byyeHne ¢ akTya/ibHbIM ONbITOM
- (on-policy) '



ABTOHOMHbIW
nonet
BepToNeTa



Urpbl Atari

Google Deepmind DQN playing
Atari Breakout

Setup:

NVIDIA GTX 690
17-3770K - 16 GB RAM
Ubuntu 16.04 LTS
Google Deepmind DQN



MaHunynauma
ob6beKkTamu



MHoroareHTHas
331343

Multi-Agent

Hide and Seek




PobodyTtbon

Kicking €




Ocobbin pasaen mawMHHOro obyyeHus



RL u apyrne Hayku

Computer Science

Engineering Machine Neuroscience

Learning
Optimal Reward
Control System

Reinforcement
Learning

Operations Classical/Operant
Researefi Conditioning

"\_ Bounded 7

Mathematics Psychology

Economics




RL n Knaccmnyeckmum ML

HeT yuutens, T. e. olumbKa He 3a4aeTcA SBHO, a8 KOCBEHHO
nepegaeTca Yepes Bo3HarpaxkaeHue

[lenctBuA areHTa BAIKAOT Ha NOCTynatLme
B Aa/IbHENLLEM A@HHbIE

L|,€I'I€Baﬂ nepemeHHad (I'IOﬂE3HOCTb) - HECTaUUNOHAPHAa

Ob6paTHaA cBA3b OT Cpeabl MOXKET NOCTyNnaTb
C 3a4EepPrKKOU

MocTynatowme AaHHble CUNBbHO CKOPPENnpPoBaHbl (He
paboTtaeT runotesa iid)

Supervised Unsupervised
Learning Learning

Machine
Learning

Reinforcement
Learning




RL — 3TO mAarkas
ONTUMM3aLUNA

" [lonesHocCTb — NapaMeTpu3oBaHHOE
CEMENCTBO PYHKUMIM (HEMPOHHAA ceTb)

“  Crparterna — napameTpusoBaHHoOe
cemencTBso GpyHKUMIM (HeMpPoHHaA ceTb)

" 33pa4a onTUMM3auUUN:

Haintu Takme napameTpbl GYHKLKUK, KOTOpble bl AaBaM MAaKCUMAJIbHYIO
NO/I€3HOCTb UM ONTUMA/IbHYIO CTPATENMIO




OcobeHHOCTU
ONTUMM3ALUU

_______________________________________________________________________________________________________________________________________________________________________

1. OnTUMM3MpPYyeMbI GYHKLMOHAN — CYMMA ANCKPETHBIX BEINYUH —
.~ HYXXHO CTPOUTb cypporaTHblie GpYHKLMOHAbI

2. HecTaumoHapHOCTb 334,341 — HEOBXOAMMO ONTUMMU3NPOBATb
 TPAAMEHTHbIN War

3. CKOppennpoBaHHOCTb AaHHbIX = HYXHO
~ paHAOMM3NPOBATb/MPUOPUTU3NPOBATL NaKeT AaHHbIX



OCHOBHbIe anropuTmbol



offline reinforcement learning

ba3a 1: KnoHnpoBaHue

noseaeHuA
[ycTb ecTb 3KCNepTHbIe TPaeKTopum (banskue K
ONTUMa/bHbIM) data collected once
with any policy training phase

ObyueHume c yuntenem: npeackasaHme Toro e
AENCTBUA, YTO U Y SKCNepTa

OnTnmmnaa LUMA NOJIE3HOCTU

3P PEKTUBHBLIN METOA, NPU OTCYTCTBUM CUMYNATOPA

cuibHoe nepeobyyeHne n cnabasa nepeHoCUMOCTb



Decision
Transformer (DT)

Mcnonb3oBaHue TpaHchopmepa Ha
TOKEHU3NPOBAHHbIX 3KCMEPTHbIX
TpaeKTopuAX

Ncnonb3oBaHMe byayLumx

BO3HarpaxkAeHUn ana mapkepa 7 _ )
0

KayecTBa | O—

graph generation

[eHepaTUBHaA Moaesb B KayecTBe
cTpaTernu

mmm Decision Transformer (Ours) mmm TD Learning Behavior Cloning

OpenAl Gym Key-To-Door
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V PT Collecting “Clean” Data Training the VPT Foundation Model

=270k hours ilte “olean” 70k hours via Behavioral Cluning
unlabeled vide gments  unlabeled

video video Train causal

VPT Foundation Mode

Training the Inverse Dynamics Model (IDM) ol T,],fd’:;”“ . - -
apel videos
Train non-causal IDM
NI T ——
[ | Y ~2k hours with actions IR\K‘
Youtube — Hencuepnaembii _ v @B . (ac9)

MCTOYHUK AEMOHCTPALMUMN ’a‘;':fﬁﬂ,l‘i"" >
"  Heobxoammo obyyeHune @. @.

obpaTHOM AMHAMMKK MO

pasmevyeHHbIM A aHHbIM W Reward over episodes RL frem Rand. Init model
" OddeKTUBHOE NPUMEHEHUE o 27 :__t:: :_:::I founs o

TpaHcpopmepoB '

SB/BAGAS I BBOHOA

RL from Early-Game model




Gato

OAanH TpaHCcPOpMepP Ha HECKO/IbKO
33434, B TOM yncne un 6e3 gemncTemi

YHMBepcanbHaaA 3aTpaBKa (prompt) ——

YHMBepcanbHasa TOKEHU3aLUus
NAHHbIX

A cat that i

g =
s sitting next
ick wall

Fixed prompt (optional)




AnodPy3nMoHHanA
cTpaTerus

"  [eHepaTUBHaA CTpaTerna B BUAE
Anddy3noHHOro npouecca

"  O6ycnaBanBaHWe Ha rpaguneHT
NO/JIE3HOCTU

"  HeobxogmMmo Mcnosb30BaThb
3P PeKTUBHbIE SHKOAEPDI

Observations

A EEEEER

7 Tokens
x256-D

Transformer

eads

Goal Masking

Context




basza 2: Q-06y4yeHue u

O606uweHHaa ntepauma no ctparernam — Q-
obyyeHue

32 4x4 filters

256 hidden units

AnNpoKcMmaLuma COCTOAHNA HEMPOHHOM CETbIO —
DQN

Tptok #1 — namaTtb npeueneHTos (replay buffer)

TptoK #2 — 3aMOpPOXKeHHasnA Lenesan None3HocCTb ke preiioue

frames

NPOCTOTa peanunsaumm n bbicTpas CXoaMMOCTb

NeTePMUHNPOBAHHAsA CTpaTerns, MapKoBOCTb



Rainbow

[Nprnoputesauma namaTtu

npeueneHToB DON
DQN no double
4 DDQN no priority
AyanbHbin DQN — pasgeneHue Prioritized DDQN i
. Dueling DDQN no multi-step
NoNe3HoOCTn AENCTBUA U A3C 5 Betrathon

Distributional DQN
Noisy DQN
Rainbow

Nno Noisy

COCTOAHMUA

Rainbow

MHorowarosaa oueHKa
Nnone3HOoCTU

Median normalized score

LLlymoBble cnon anAa
nccnenoBaHmA
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Pacnpegenenune Ha GyHKLNK
NONE3HOCTH

100
Millions of frames




(b) Initial state ~ Einal state

(s 00 (rsr,00en) = == Cresmsolem)] ‘. ‘. Lo

eogl eorm [tos w eogl eorm Itos rw

4

explore obstructed explore object

goals large rewards many lasertag three opponents small rooms watermaze

K2)

Ncnonb3oBaHuA
PEKYPPEHTHOMN HENPOHHOMN
ceTM ANA annpoKCUmMaLmm

AT

40 -
30 -

Burn-in Zero-State Stored-State
0
20
40

Mean Episode Return

COCTOAHMUA L2 i : —_—

2
# Updates

1 3

PacnpeaeneHHada namaTb
npeueaeHToB: cOOp AaHHbIX Asterids  Bowing Gravier
MHOTM MMM aKTOpPaMM
napannenbHo

10000

pisode Return

R2D2(48h)

'/\‘___\——'_‘_,—d-

MsPacman Private Eye SeaQuest
15000

1000%

R2D2(24h)

Human-normalized Score
(Median Over 57 Games)

10000
R2D2(12h) ape-x (120h)
®Ape-X (70h)
Ape-X (20h)
IMPALA(deep) ® Rainbow
* ® Reactor ® Prio.DQN
@ IMPALA(shallow) ®DQN

5000

Mean Episode Return

50 100 150 200 250 300 20 40 60 80 20 40 60 80 20 40 60 80
Training Time (Hours) Wall Time (Hours) Wall Time (Hours) Wall Time (Hours)




ba3sa 3: AKTOP-KPUTUK

OgHoBpemeHHaA napameTpusaLma ar:
Action

NONE3HOCTU U CTpaTernm Critic
DYHKLMA NONE3HOCTU ANA CTPaTernm

[MoNe3HOCTb OT KPUTUKA — KaK MonpaBKa K
O0bOHOB/IEHUIO CTPATETUN

CTOXaCTnyecCKad CtparternA

HecTabuabHoe aonroe obyyeHme, COBMECTUMOCTb KPUTUKA



PPO

JlokanbHOe NpPUBANIKEHME CTPATEINMM B
MaJIO OKPECTHOCTU

YecTHOe peweHune 3a4a4un

onTMMmM3auum c orpaHunyeHnem (TRPO)
— C/IOXHO U AONTO

IBpMUCTMYECKAA NoNpaBKa GyHKLUMU
noTepb — yceyeHue (clipping) i
L = EdrAd]
—— EJlclip(r, 1 —€,1+€)A]
LCUP = E [min(rdAy, clip(rn 1 — €, 1 + €)Ag)]

Linear interpolation factor



SAC

"  Wcnonb3oBaHMe NaMATU NpeLeeHToB B
CXeMe aKTOP-KPUTUK

"  Msrkoe Q-obyyeHune — perynapusaums Ha
SHTPOMNUIO CTPaTernm

(a) Hopper-vl (b) Walker2d-vl (c) HalfCheetah-vl

“  Crparterma — ctoxactmyeckas c
MaKCUMM3ALLMEN NMOSIE3HOCTU r
: J_‘.mr-“"ﬂ”ﬂ

h\ﬂ?ﬂ.[ |

million steps

(d) Ant-vl (e) Humanoid-vl (f) Humanoid (rllab)




RLHF — noobyyeHune
A3bIKOBbIX MOAENEN

[MepeHOC Nnpeano4YTeHnmn
Nno/sib3oBaTe/Ien B MOAE b

PeweHne npobnemol
H6e3onacHOCTU OTBETOB
A3bIKOBOW MOAENN

Prompts Dataset

Sample many prompts

L

Initial Language Model

Train on

{sample, reward} pairs

Lorem ipsum dolor
sit amet, consecte
adipiscing elit. Aen
Donec quam felis
vulputate eget, arc
Nam quam nunc

eros faucibus tinciq

luctus pulvinar, he

Generated text

Human Scoring

Reward (Preference)
Model

Outputs are ranked
(relative, ELO, etc.)




GRPO — poobyyeHune B

DeepSeek 6e3 Kputnka o
YcpeaHeHUe GyHKLUMM NoTepb |

! Reward @ CGTUP
MO HECKOJIbKUM BbIXO4aM | %2 35 Modd 72 )+ conpution)
Mmoaenm

BMecTo KpUTUKA MCNO/Ib3YEeTCA
ycpeaHeHHoe
BO3HarpaxaeHue




baza 4: MCTS

[MTPOrHo3npoBaHNE COCTOSAHMIN U
BO3HarpaxkaeHuun B cpeae

Selection — Expansion — Simulation —> Backpropagation

[lhaHnpoBaHKe no
npeacKkasaHHOMY AepeBy
BapuaHTOB

Tree quimlt
B Kaxkgom y3ne obHoBsieTcs Policy Policy

CTAaTUCTUKA NOCELLLEH NI

v
A

Hanbonee apdeKTUBHbIN cnocob nnaHuposaHua ana RL

paboTaeT To/IbKO C AUCKPETHbIMU COCTOAHUAMMU, MeA/IEHHbI

_____________________________________________________________________________________________________________________________________________________



RL policy network Value network Policy network Value network

AlphaZero

P, @ls)

ANNpPOKCMMaALMA COCTOAAHUS e
HEMPOHHOMN CETbIO k.

[MpenckasaHua AeNCTBUMN U
NONE3HOCTM C MOMOLLbIO
HEMPOCETEBbLIX aKTOPa N KPUTUKA

Pa3BuTtme 6e3 n3BecTHOM Mmoaenm -
MuZero

0 02 04 08 08 10 0 02 04 06 08 1.0
Millions of training steps Millions of training steps




AlphaTensor

Ncnonb3oBaHume AlphaZero
ANA NOUCKA anropmuTma
YMHOeHUA maTpuL,

[Ona cnyyas 4x4 HanpgeH ("), v, wit) (u®), v, we)
anropuTMm,
npeBocxo4AWmMn no &Leammg
3P PeKTUBHOCTU g
nmerowmnca 50-netHen Policy head

Played games
AaBHOCTU buffer

Sample

<‘ S — random state
Value head g
Training labels

Neural network Network input Pre-generated

synthetic
demonstrations




ba3a 5: Moaenb munpa

YactnyHaa HabatogaemocTtb U
NCXOAHOEe NPOCTPAHCTBO NPU3HAKOB
n3o0bparkeHns

Mogaenb AUHaMUKU B TaTEHTHOM
MNPOCTPaHCTBE

HenpepbiBHOE 06y4YeHMe 3a

rd

i

1, 71)

HeboNbLLIOEe KOIMYEeCTBO UTepaL M ~—

paboTa c HabAEHUAMM BbICOKON PAa3MEPHOCTU

HeyCTOMYNBOCTb 0OyueHMA, MHOro runepnapameTpos



Dreamer

JlaTeHTHaA moaenb MHPa HA
BEKTOPHbLIX NMpeactaBieHUAX

PaboTaeT n ¢ ANCKPETHbIMU U C
HenpepbIBHbIMU AENCTBUAMM

Proprio Control Atari 100k

Minecraft Diamond
18 Tasks 26 Tasks

DreamerV3
DreamerV3
DreamerV3

Visual Control Atari 200M
20 Tasks 55 Tasks

c
—
S

D
[J]

o
()]

o
(@]

n
[oX

L

DreamerV3
DreamerV2
DreamerV3
DreamerV?2
DreamerV3

10K 100K 1M 10M 100M
Environment Steps




TD-MPC

[MpocTaa moaenb mmpa bes
PEKYPPEHTHOM CeTn

[pencKasaHune B pexmme
MPC (MPPI peanunsauua) —
onTumm3sauma bes
NMPOU3BOAHbIX

Multi-task Single-task
ad)d)eKTMBHaﬂ pa6OTa c DMControl & Meta—World DI;IgControl Me;g—wkorld M?’nistillz
BEKTOPHbIMU HabtOAEHNAMM 80 tasks s sk rasks

DreamerV3
Dr%ame rv3
DreamerV3

Locomotion MyoSuite Pick YCB
7 tasks 10 tasks 1 task

Normalized score

DréamerV3

10M 100M
Model parameters

SAC

[FreamerVS
DreamerV3



5 a 3 a 6 : M H O ro py K M e CAN YOU BEAT THE BANDIT ALGORITHMS?
6 a H pl VI T bl CONFIGURATION

Mpumep ¢ noabopom neKkapcTea

OaHoLWaroBbi 3NM304, — AEUCTBUE U
BO3HarpaxaeHue

PeweHue 3apa4u TRIAL RESULTS
nccnefoBaHMA/MCNoNb30BaHUA Ha LSkl Pl s
MHOXeCTBe 3nn30408

OnTMmunsm B YCNOoBUAX
HeonpeaeneHHoOCTu"

HAGEN @ 2001 |

BO3MOXHOCTb CTPOUTb TEOPETUYHECKNE OLEHKUA

y3Kaa NPMMEHUMOCTb



KOHTEeKCTHble baHAUTbI

Reinforcement Learning in Action @ Netflix Shuffle Play

[1obaBneHmne HayanbHOrO
COCTOSAAHUA B OAHOLLATOBbIN

b eretveroreie [ T

YaauHoe npumeHeHue B S,

peKsaMe 1 peKoMeHaauusax = & B i ~au &
Bo3MO).KHOCTb “ " -— 74 7/ Tk clicks shuffle play
MCMONb30BaTb C Internal State. :

annpoKcumaTopamm et Moviesor Genre d e watehing. The |

main objective of this algorithm is to introduce
you to other genre’s which converge

Environment




Kakue 3agaum nomoraer pewartb?



RL anropntmbl — 0b6LWwWMKM B3rnaa,

Model-Based
(DP, etc)

Given the Model

Learn the Model

I2A

World Model

RL Algorithms

Model-Free Action-Value
(TD, MC, etc) Methods

Value-Based Policy-Based
Off-Policy Gradient-Based

C51

Cross-Entropy Method Evolution Strategy
SAMUEL

Dueling DOQN Double DQN SAC A2C/A3C

Gradient Bandit
Methods

Policy Gradient

TRPO/PPO
ACKTR




Hy»eH nn RL — aHanuns 3agaun

ECTb 1M BO3MOXKHOCTb OTAE/INTb areHTa OT cpeabl?

EcTb M AeNCTBUA M NPOCTPAHCTBO COCTOAHUMN?

MoxkeT in 3aaa4a bbiTb pelueHa metoaom nNpob n owmnboK?
EcTb v BO3Harpa*kaeHus, B T.4. OTI0XKEHHble?

dopmynnpyetcs v 3ta 3aga4a Kak 3a4a4a ynpaBneHma?



EcTb an cumynatop?

ObjectGoal Navigation Task

Observations
RGB

Find a Chair

GPS+Compass

Your Agent




Kputepun Bbibopa airoputmos

KopoTkue ogHolarosble ann3oabl — (KOHTEKCTHbIE) 6BaHAUTbI
[NCKpeTHblEe AencTema —

npocTblie (BEKTOPHbIe) cocToaHUA — Q-0byyeHune

CNOXHble (KapTUHOoYHbIe) cocTossiHnAa —=DQN, ApeX

NPOCTble COCTOAHMA N CNOXKHAA AMHAMUKaA — PPO
HenpepbiBHblIEe AENCTBUS

nobble coctosaHua = PPO
CnoxHoe Ana nccneaoBaHmMA BEKTOPHOE NPOCTPAHCTBO COCTOAHMN—SAC
CnoxHoe Aana nccneaoBaHmMA KAPTUHOYHOE NpocTpaHcTBo coctosHM—ICM, Hindsight, RIG
HeobxogmnmocTb B MynbTn3lagavyHoctu—Dreamer
Hannuune 6oicTporo cumynatopa =>MCTS

[loporo cumynatop, Haanume gemoHcTpaumnm —BC,DT



[loTeHUManbHbIE

DTRs proficiency est.  adaptive adaptive
diagnosis recommendation traffic signal decision
O n a CT M EHR/EMR education games  control control

| e bt S
rl p VI M e H e H VI ﬂ pricing, trading Ll education [transportationl eNergy | recommendation

portfolio opt. / e-commerce, OR
risk mgmt customer mgmt

business
management

finance

AN e science
engineering
art

computer
systems

topics in i ' Y ( maths, physics
computer games robotics computer NLP | chemistry, music
science vision drawing, animation
—
Go, poker sim-to-real recognition seq. gen.
Dota, bridge co-robot detection translation
Starcraft control perception dialog, QA,IE IR




[Mpumepbi



JK30cKener

human metabolics model control law costs
performance respiratory aSymp-t(m.a estimated
OnTMMM3aumA measure e S SB S  Tet rate
NnapameTpos L
9K30CKe/1eTa no time (one control law) control
meTabonusmy
NoJZ1b30BaTeNnA . .
real-time control next generation
: colaanes
S . 2 O 17 i control QSEf”meusrtn'
cience .

device

control law e (one shide new control =~
update ( ) laws to test




YnpasneHne cMnctemMom KOHANLUMOHNPOBAHUA

Condenser Water

YnpaBneHue cuctemoi gns Loop

60/1bLWOro 34aHNA — SIKOHOMMUA Chiller

B 3Hepro3aTpaTta B 9% n 13% ® | Chilled Water
ANA ABYX NOKaLNM Loop

DeepMind 2022




OnpeaeneHue
CTPYKTYpPbI benka

AIphaFoId - onpegeneHue T1037 / 6vra T1049 / 6y4f

90.7 GDT 93.3 GDT
TpeXMepHOl‘/’l CprKTypr 6ef| Ka Mo (RNA polymerase domain) (adhesin tip)
AMNWHOKUCIOTHO l\;I a Value Network Generative Adversarial Policy Network Adversarial Reward Function
nocnef0BaTeNbHOCTY | S Cae

/N — [> o\

HKUST 2024

Mean Pooling
&Sigmoid

State S Domain-specifi Adversarial ; Assembled
reward T reward Tad Graph

SlT TTI : . 3 S,,T Trn
e e, N




3a4a4a YNaKoOBKU

KombuHaTtopHas 3aaa4va
— noabop ob6beKTOB ANA
MOJIHOWM 3arpy3Ku nasaetbl

KEDGE 2023

<—— 32ldm ——><1,6ldm>
13,6 m=13,6 ldm




33401} KEHHOCTb
K/IMEHTa

Bbibop onTumanbHOM
nocneanoBaTe/IbHOCTH
AeNCTBUA ANA yNy4YlleHns
BO3BpaTa 3a40/1I*KEHHOCTU

Tinkoff 2022

WITHIN 3 HOURS WITHIN 2 DAYS WITHIN 5 DAYS

DEBT COLLECTION PROCESS AND TIMELINE

I 7y <&
@® @® @® @®

WITHIN 6 DAYS WITHIN 7 DAYS WITHIN 30 DAYS WITHIN 35 DAYS

ACTIVATION PRE-LEGAL COLLECTION LEGAL COLLECTION
Collectors and attorneys display, Collectors and attorneys attempt If the debtor refuses to remit
initiate and manage all collection to resolve amicably via phone payment voluntarily, court costs

activities from individualized calls, emails and responses to
work queues. demand letters.




HaBurauma poborta

R When deployed in a previously unseen environment, RECON
EbICTpaFI p06aCTHaF| | | explores the environment using a latent goal model

HaBMraumsa Ha3eMHOro in search of the target image.
poboTa nNo Kamepam

BAIR 2021

Target Image

. N
| %% Goal Location |
\ vy




KannbpoBKa AaTYNKOB

AJanTuUBHO
noabupaetca popma
nedopmupyemoro
3epKana, Ytobbl
MCNPAaBUTb UCKaXKeHUA
noJiydaembie C Kamepbl

Vlanyquue\ /Ihnyqeﬂue
C MCKXEHUAMM 6e3 NCKaKEHMiA

ANanTUBHOe | NN
(necbopmupyemoe) %
3epkano d & l :

-U

BapuaHTbl pacnonoxeHus
3NeKTPOAOB Ha 3epkane

Adaptive
Mirror

Light From
Telescope

N

Distorted
Wavefront

Corrected
Wavefront




Pe3rome

O6yueHue c nogKkpenneHnem — obyyeHume
NPUHATUIO peLleHn, Koraa HeT moaenu

1. ObyueHue c nogKkpenneHnem — obyyaembiii NOAX0A, K pELLEHUIO 3a43a4M
nocneaoBaTeNbHOIO NPUHATUA PELLEHUMN

2. ObyueHue c noaKkpenseHnem— ocobbi BUA MmallMHHOTIo obyueHusn
3. ObyuyeHMe No UMerWMMCA AaHHbIM — aBTOHOMHbIU RL
4. UHTepakTuBHbIN RL — TpeboBaTesIbHOCTb K CUMYNATOPY

5. Mpobnembli: cnabasa yctonumsoctb, NepeHOCMMOCTb
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