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B 2019 2. mbl yxce pacckasvieanu o
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Events detection using a video-surveiliance Ontology and a rule-based approach,
Yassine Kazi Tani, Adel Lablack, Abdeighani Ghomari, and loan Marius Bilasco, 2014
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Tema poknapa: Kak passutue texHonorun M (2020-23)
BANAET Ha pewleHune 3a8a4 poboToTeXHUKU U ynpaBieHuUn

 OcHOBHbIE TeHAeHUUU pa3suTtua UN (2020-23)

O6pabomka « Computer Vision: CNN — Transformers
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NcXxo4HbIM MHCTPYMEHT:
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PaboTaeT I0KaNbHO B
HebOoNbLLIOW OKPECTHOCTU
3TO ecTecTBEHHO AN
n3obpaxeHun, roe B
nobom macwrtabe ectb
NIOKa/NbHble AeTanu,
KOTOpPbI€ HYXHO
BbIAENATb U
pacrno3HaBaTb

KaKne anemeHTbl n306parkeHnaA pacnosHatoT
HEMPOHbI Pa3HbIX YPOBHEN: YeM BbiLLe C/I0A
CeTU, TeM BbilLie ypoBeHb abcTpaKkumum

Visualizing and Understanding Convolutional
Networks, Matthew Zeiler and Rob Fergus,
ECCV’14

2015-16: CNN pewarom ece
300a4U KOMMbOMepHo20
3peHua u yapsam oo 2020...



Pesontouua tpaHcpopmepos

B dHd/IU3e eCTeCTBEHHOrIo A3blKa

(pazsumue mpaHcgopmepos
8 obsnnacmu NLP, 2017-2023)

|
Ho mbl owubauce! Ce2co0Hsa amy
posnb u2paem coscem Opyeaoli
mun M’HC, so3HUKwWuU 8

B 2016-2019 22. mbl
cyumanu, Ymo
OCHOBHbIM Nymem

::;::':’::m": MY Ha usoﬁpamevuuux AY6ORM W XCHU3Y BB BbiuM n eoao‘HEHuﬂ

o G B ogpaHuquuﬁ rHC obaacmu NLP: cemu-

wwwww ynpexarom /‘ S P 5 °’~\ . - . . s iy

wees | st | | mpaHcgopmepsbl, OCHOBAHHbIE
= YR SH;JM:— " H: rpa-;)ax HaM HyXHa cUcTeMa noarpados pa;s;o;o aciata Cm aHy m Cmp y Km y p Hble

n:\‘;za;o:r::z::z; 15 : dzpach 6 u3 HUX 6¢ H a M ex aH u3M ax 8 H u M aH uﬂ
";';ai‘::g’s:g? nodzpagos, u max — l;on:r He :muweM senmopt;m npusmmo; seco zpagh r H C H a 2 p a¢ ax

mak... A Comprehensive Survey on Graph Neural Networks (Wu,Z. et al., 2015)




KnioueBoe nsobpereHue 1:

mMmoaynb BHUMaHUA

Attention Is All You Need (2017)

Scaled Dot-Product Attention

l MatMul I

Multi-Head Attention

Linear

Concat

L ? BEKTOPOB, C KOTOPbIMM
Scaled Dot-Product J&
Nt h|  Mbl XO,'EI,VIM nocymTaThb
tl Al | attention.
- plet = V - Value. O6bIlyHO
Linear P{ Linear P Linear
cosnagaet c K. f .
Q K V Bbiuncnserca —|_Add & Norm |
v K Q CKansapHoe Feed
npousseaeHune Q co Forward
| S
Q — XWQ’ K = YWK? V = YWV Bcemu K, oT pe3ynbTtaTta

Q - Query. MHOXecTBO
BEKTOPOB, AN1A KOTOPbIX
Mbl XOTMM MNOCYUTATb
attention.

K - Key. MHOXecTBO

bepetca softmaxmnc Nx
NoNy4YeHHbIMWN BECAMMU
nepes3BewwnBaeTca V.

Qutput
Probabilities
t

|  Softmax )

| Linear ]

~—| Add & Norm }

Multi-Head
Attention

KnoueBoe nsobpereHue 2:
apxutektypa TpaHchpmep

ApxumeKkmypa
mpaHcgopmep,
6710KuU Komopoli

: QKT
Attention(Q, K, V') = Softmax V.
Vi

An attention function can be described as mapping a Query —

At 2

Fositional

and a set of Key-Value pairs to an output, where the query,
Encoding

keys, values, and output are all vectors.

Motivation: Learning long-range dependencies is a key challenge for
conv layers, which is important for symbolic sequences.

B oT/iMuMe OT CBEPTOYHOro HEMPOHA, MOAYNb BHUMAHUA paboTaeT HeNOKabHO,
BblAENAA U UCNO/Ib3YA CMbIC/I0BbIE CBA3U MeXAy C10BaMM, B,ANEKO OTCTOALMMMU B TEKCTe

OO

Input
Embedding

T

Inputs

(shifted right)

rigure 1: The Transformer - model architecture.

Attention Is All You Need (Ashish Vaswani et.al., 2017)
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KnoueBoe nsobpereHue 3:
reHepaTUBHble NpeaobyyeHHble TpaHchopmepbl G PT 7 B E RT (2018- 19)

Generative Pre-trained Transformer

Self-supervised nepeobyyeHue
(6e3 pazamemku 0aHHbIx!)

BERT (Ours) OpenAl GPT

Masked Language Model
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Bidirectional Encoder Representations from Transformers (BERT)

BERT — 370 Takom «TpaHCcPopmep», Y KOTOPOTro YBEAUYUIN YNC/IO U Pa3MepPbI
cnoes, Yopanun AeKOAMPYIOLLYIO YAaCTb M HAYy4YMIM CMOTPETb Ha KOHTEKCT B 06e
CTOPOHbI. BHMMaHKMe NpocToro TpaHchopmepa BCcerga HanpPaBAEHO HA TOKEHDI
cnesa OT AaHHOro (cnoBa cnpaBa 3ameHsTca 0cobbim cnosom [MASK], uto
0bHynAeT Bec BHMMaHUA). BERT ke «MacKupyeT» TONbKO TO, YTO HYMKHO
npeAcKa3aTb, 3HAYUT, BHUMaHWE HanpaBAeHO Ha BCE TOKEHbI BXOAHOM
nocnenoBaTesbHOCTM — U CNeBa, U cCnNpaBsa.

https://sysblok.ru/knowhow/kak-ustroena-nejroset-bert-ot-google/

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding

(Jacob Devlin, Ming-Wei Chang, Kenton Lee, Kristina Toutanova, 2019)

GPT n BERT npepobyuatorca Ha
«3aMaCKMPOBaHHOM» TEKCTe:

YacTb cNOB B TEKCTE MAaCKUpyeTca,
NocC/ie Yero ceTb yumuTcsa ux
npeAcKasbiBaTb NO OCTaBLUMMCA

GPT yuuTtca npeackasbiBaTb
npoAaonKeHue TeKCTa

BERT - npeacka3saTtb c10BO He B
KOHUe npeanoXeHus, a rae-to
nocepeauHeB N0O60M



OpenAl GPT-3: “may be the biggest thing since bitcoin”

MNapameTpbl ceTu: fUE”'?E”??.?",.._P_.re',k.t.ruaif'_i_.”gk._u . CynepKomnbloTep:
Pasmep cetn 175 mapa. T r— coﬂe;'mabem 10000 GPU Tesla V100
napametpoB(350 6 fp16) . | 400 Ieut/cek
KoHTeKcTHOe OKHO: 2048 ToKeHa o | 285 Tbic. CPU agep
96 Tpachopmepos (under IR | Pytorch
96 self attention head |

Tpebyet 355 net u S5 mnH.

Pasmep 6atya: 3.2 mnH ' ORI RN | npu apeHae GPU Cloud

ba3a AaHHbIX: |

The CommonCrawl data - 45 T6 o | Cmano ACHO, YMO 803HUK
Mpoumne B4 — 40% KayecmeeHHO HO8blIl
Knrouesas udes: obyyeHue Ha o
» - Knacc mooeneu:
Pe3synbraTtbl cpaBHMMbIe cO state- 02pOMHOLi 8bI60pPKe Ha g
of-the-art B8 42 3apgauax NLP npooosxiceHue ¢gpasol Sl E R L e s
- (6e3 yuumens) - moodenu (LLM)

e GPT-3 moxKeT oTBeYaTb Ha BOMPOCbl HA €CTECTBEHHOM fi3bIKE
* GPT-3 ymeeT nepeBoAUTb C pa3HbIX A3bIKOB, NMCATb CTaTb
1 T.A. BNIOTb A0 HAaNnMCaHMA NCXOAHOro Koda nporpamm

He Bceraa noHMmaer, 4yero oT Hee XOTAT MHoro OI.LIVIGOK, NOoYTU BCE «HA TPOEYKY»




LL.M: Large Language Models (2021 2022) MoOdenu cmaHoessimcsi ece 6osnbuwe!

« (English) GPT-Neo (2.7B), GPT-J (6B),
Jurassic-1 (7.5B/178B), Gopher (280B),
GPT-NeoX (20B), MT NLG (530B), ...

e (Russian) ruGPT-3 (13B)
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L = (Cin/2.3 - 108)~0:050

° (Chinese) CPM-2 (118/1988*- MOE), B 107 105 100 10 100 108 | 109 10° 107 10°
M6 (10B/100B), Wu Dao 2.0 (1.75T*), i S b

Pan g Gu-a (26B /13B /2078)’ ERNIE 3.0 (10 B) Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset

size, and amount of compute? used for training. For optimal performance all three factors must be scaled

Yuan 1.0 (245 B)’ ERNIE 3.0 Titan (260 B) ll;pttiln tanlc(legl‘syl%lrjnpiﬁlcaltperformance has a power-law relationship with each individual factor when not
ottienecke € otner two. /\
e (Korean) HyperCLOVA (204B)
« (Code) OpenAl Codex (12B), « «Mbl wnccneposanu amMnupuyeckne 3aKoHbI MacLuTabupoBaHus Ans
, NPON3BOAUTENIBHOCTU $S3bIKOBOW MOAENU [MpU  KPOCC-3HTPOMUIAHOM
Google’s (up to 137B) (PYHKLMM NOTEPS.
e ByT5 (upto 12.9B)  MMoTepn macwTabupyroTCcA NO CTENEHHOMY 3aKOHY B 3aBUCUMOCTU OT
e XLM-R XL/XXL (3.5B/10.7B), pa3mepa moaenu, pasmepa Habopa AaHHbIX U 0ObemMa BbIYUCIIEHUN
npu ob6y4yeHun. MNpn 3TOM HEKOTOpble 3aBMCUMOCTU OXBaTbiBalOT Oonee
T-ULRvS XL (2.2B) ceMu NopsaKOB.
. DeI.3ERTa v1l/v2 (1.5B), v3 (300M) Mpocmo modens
e Switch-C (1.6T*), GLaM (1.2T%), u 6a3a ons
MoE LM by Meta (1.1T%*) obyyeHusi
 DALL-E (12B) MHoro owimMboK, No4Tn BCe «Ha TPOEUKY» AormKHBI 6BIMb

Scaling Laws for Neural Language Models, OpenAl, 2020 6onbwe!




Cneyuanu3upoeaHHbie LLM 0ns

[TpunoxeHna: ABToMaTU4eCckoe NporpaMMUPOBAHUE | ppozpammuposarus u dp. docmuzau

YPOBHA NPAKMUYECKo20 8HeOpeHUsA

(XY ) VISUaL STUDIO CODE
ﬂ; 0 runtime.go JS days_between_dates.js 60 SEIVergo Person.java ;:inz(i:p:::;i(t):
/O s=input()
| package main C d O AI .
iﬁ o O eX ( pen ) First AlphaCode reads AlphaCOde (DeepMI nd)
. . the two phrases. b=} . .
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©© 5 Results string petitive-progré@mming-with-AlphaCode
5 Failed bool b.append(j)
7} upyr“e a.reverse()
3 b.reverse() If the letters at the end
: . n3BeCTHbIEe e=[] of both phrases don't
J /[ (e erage runtime of successful runs in seconds . whils 1an(b]!=0 and Lsn(a)!=e: match, the last letter
) func averageRuntimeInSecondg(runs [JRun) floatéd { MoAesnun. ! lifla[w]:b?Q]:M : T1ust:edelethed. If
var totalTime int PLBART c.append(b.pop(@)) ;zfe c?nr':)a:r:e feecf:ﬂ
var failedRuns int CodeT5 a.pop(0) last letter and repeat.
for _, run := range runs { Backspace deletes two A11f (9] 12018) and Tenca)iL:
if run.Failed { COdeGen letters. The letter you a-POPEZ;
. r in a-pop
5 } ‘CMEEdR”“* i InCoder oy e elif a[0]!=b[0) and len(a)==1:
‘ else SantaCoder... 2
17 totalTime += run.Time if Llen(b)== Henb3s o6bsme
- } B HeobbsimHoOe: ecnu
) print(" YHugepcarsbHble LLM
averageRuntime := float6u(totalTime) / float6u(len(runs) - failedRuns) / 1000 MHOZ0 OLUU6aI'0mCﬂ,
® » return averageRuntime HYXHO deslamb
& g MHOro ownboK, NOYTU BCE «HA TPOEYKY» cneytuanusuposanHble
pman  (EACORE ’ y LLM 0551 KOHKPemMHbIX

Grigory Sapunov, NLP in 2021, OpenTalks.Al / 2022 obnacmet npunoxexHuu
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Galactica: A Large Language Model for Science

Modality Entity Sequence

Text Abell 370 Abell 370 is a cluster... .
IATRX Schwarzschild radius r_{s} = \frac{2GM}{c~2} Ty = 2(334-
Code Transformer class Transformer (nn.Module) l-H-I-I-I-
SMILES Glycine C(C(=0)O)N Y\
AA Sequence Collagen a-1(1II) chain MIRLGAPQTL. . M“%
DNA Sequence Human genome CGGTACCCTC. . mIITEEI
Table 1: Tokenizing Nature. Galactica trains on text sequences that represent scientific phenomena.

Total dataset size = 106 billion tokens

Data source

Documents Tokens

Token %

Papers

Code

Reference Material
Knowledge Bases

Filtered CommonCrawl

Prompts
Other

48 million 88 billion
2 million 7 billion

8 million 7 billion

2 million 2 billion
0.9 million 1 billion
1.3 million 0.4 billion
0.02 million 0.2 billion

83.0%
6.9%

6.5%
2.0%
1.0%

Galactica: A Large Language Model for Science, Meta Al, 2022

We introduce a new
large language model
called Galactica (GAL)
for automatically
organizing science.
Galactica is trained on a
large and curated corpus
of humanity’s scientific
knowledge. This includes
over 48 million papers,
textbooks and lecture
notes, millions of
compounds and proteins,
scientific websites,
encyclopedias and more

Cneuuanu3sauus
Moxxem 6bImb He

L0 OYeHb y3Kou
0.2% MHoro ownboK, NOYTH BCE «Ha TPOEUKY» (LLM &ns1 yenodi

obrnacmu)



Galactica: A Large Language Model for Science

Average i¢ colewlated ag:

(424294570 72)7%

43 +29=172

Internal 72 +51=123 42428 = 72
working 123 +13 =136 External 724512123
memory 35*4 =140 working 123 + 12 = 136

So 140-4 -> 34

OO

memory & 126 / 4
{fﬁr'hér'hg} thatt 39
Anrwer i 3%

Working Memory Token, <work>

Transformer-based architectures lack an explicit working memory capability, which means a
single-forward pass has limited efficacy. This is problematic for tasks that require multiple
steps of computation. A current workaround is using a Transformer’s output context as an
external working memory to read from and write to. This is seen in recent work on chain-of-
thought prompting (Wei et al., 2022; Suzgun et al., 2022).

Our solution is a working memory token we call <work>.

MHoro ownMboK, NOYTU BCE «Ha TPOEYKY» )

Galactica: A Large Language Model for Science, Meta Al, 2022

Cneuuanu3sauus
Moxxem 6bImb He
OYeHb y3Kou
(LLM Ons yenou
obrnacmu)



Galactica: A Large Language Model for Science

<work>

calculate.py

[ 4

f = 0.0728*(2%0.035)

[ 1

«run: "calculate.py”>
«read: "output.txt"»
0.0051

</work>

Answer: F' = 0.0051 N

with open("output.txt", "w") as file:
file.write(str(round(f, 5)))

o =0.0728 N/m

o=F/L
0.0728 = F/(2 x 0.035)

F' =0.0728(2 x 0.035)

Question: A needle 35 mm long rests on a water surface at 20°C. What force over and above the needle’s weight
is required to lift the needle from contact with the water surface? o = 0.0728m.

Where a computation is performed that a human
could not do internally, we offload by writing and
executing a Python script. Importantly, we do not have
to turn this on, and the model can also predict the
output from running a program. For our experiments,
we did not find the need to turn Python offloading on, and
leave this aspect to future work.

lMpobnema co30aHusi makux crneyuasau3upo8aHHbIX
rnpusioXKeHuli 8 mMoM, 4mo MbIl yXxoO0uUM om
YHUeepcasibHocmu mpaHcghopmepoe — Ot Kaxxoou

Increasing task specialism

makou 3ada4yu HYy>XHO rnpudyMbieamb C80U MPHOKU

b,
'

~ = N T
( _ T ———— — J
Ry Ry b NS

Pre-training

Prompt
Pre-training

Instruction Fine-tuning i i

Tuning

Increasing task generality

Cneuuanu3sauus
L Moxxem 6bImb He

1 o o
HOIro OLWMOOK, NMOYTU BCE «KHa TPOEUYKY» (LLM ons uenoﬁ

Galactica: A Large Language Model for Science, Meta Al, 2022 obnacmu)



Retrieva|_based models (2021+) ABTOMaTU4YEeCKUN NOUCK AAHHbIX B

Konnekuumsax n OTKPbITbIX UCTOYHUKAX
Ansa oTBeToB Ha BOMPOCHI

e EMDR? (“End-to-End Training of Multi-

_ With a 2 trillion token key—value
Document Reader and Retriever for Open- datab RETRO
. . . atapase, long-term memory aggregate
Domain Question Answering”, (Retrieval-Enhanced
https://arxiv.org/abs/2106.05346) Transformer) obtains A
« - - - comparable ) Tt41
o SPALh/!,(AdaPtlve .Semlparametrlc Language performance to GPT- retrieve _
Models”, https://arxiv.org/abs/2102.02557) 3 and Jurassic-1 on
e BlenderBot 2.0 (“Internet-Augmented Dialogue the Pile, despite using
Generation”, https://arxiv.org/abs/2107.07566) 25x% fewer gate . >
e DeepMind RETRO (“Improving language parameters. A
models by. retrieving from trillions of tokens”, With RETRO the h
e OpenAl WebGPT ("WebGPT: Browser-assisted the data seen during
question-answering with human feedback’, ”a'ﬂ'”g— it has access | * s o w—
_ : to the entire training
https://arxiv.org/abs/2112.09332) dataset through the T T T T T T T T
e Toolformer (Toolformer: Language Models Can retrieval mechanism. —
Teach Themselves to Use Tools) 2023 | ) T T T ) ) T T T |

https://arxiv.org/abs/2302.04761 I

Ti-6 Ti- 4 Ti-2 Tt
MHoro owunmboK, No4YTN BCe «Ha TPOEUKY»
short-term memory transformer

Grigory Sapunov, NLP in 2021, OpenTalks.Al / 2022



https://arxiv.org/abs/2106.05346
https://arxiv.org/abs/2102.02557
https://arxiv.org/abs/2107.07566
https://arxiv.org/abs/2112.04426
https://arxiv.org/abs/2112.09332
https://arxiv.org/abs/2302.04761
https://arxiv.org/abs/2302.04761

ChatGPT (InstructGPT): Kak gobutbcsa ot GPT none3HbIX U

peneBaHTHbIX OTBEeTOB npm nomowu OGV‘-IEHVIH c noagKpenineHunem

We want language
models to be
helpful (they should
help the user solve
their task),

honest (they
shouldn’t fabricate
information or
mislead the user),
harmless (they
should not cause
physical,
psychological, or
social harm to
people or the
environment).

He Bceraa noHunmaer,

4yero oT Hee XOTAT

Training language models to follow instructions with human feedback, OpenAl, 2022

Step1

Collect demonstration data,
and train a supervised policy.

[NooGy4yeHue c yuutenem

A promptis
sampled from our . _
xplain the moon
prompt dataset. landing to a 6 year old
i
A labeler
demonstrates the @
desired output 7
behavior. Some p-at;pla went
anMepr to the moon...
OTBETOB ntoaen I
This data is used =
to fine-tune GPT-3 M
with supervised '\}s'égf'
learning. 7
EEE

Step 2

Collect comparison data,
and train a reward model.

O6y4yeHune pyHKLUN OLIeHKMU

A prompt and
several model R
Explain the moon
outputs are landing to a & year old
sampled. o o
Explain grawity-. Explasm war_
man i ral Pocple wenk ta
watellite of... the roan..
- ¥ J

A labeler ranks
the outputs from

best to worst. @

paHXuposaHue ﬁ’@ﬁ#})
OTBETOB CeTH NoALMY |

This data is used m

to train our .c.-:q;ﬁ.

reward model. NP5
0-0-0-0

Ob6y4yeHune c NnogKpenaeHNnem ¢ YesI0BEKOM B 06paTHOM CBA3K

Step 3

Optimize a policy against
the reward model using
reinforcement learning.
OO6yyeHue c nogkpenneHnem
A new prompt

is sampled from wmr‘m

the dataset. about frogs

The policy PPO

generates 25 -

an output. / 'W‘
CeTb Yy4YUTCA
reHepupoBaTthb ynyulleHHble
OTBEeTbl METOJOM  Onceuponatime..
npo6 n owmnboK ,

The reward model FL
— D

=7
the output.

The reward is
used to update
the policy
using PPO.

Reinforcement Learning from Human Feedback (RLHF)




GPT-4 (mapt 2023): HamHOro «ymHee» npeabigywein sepcumn ChatGPT

Exam

Exam results {ordered by GPT 3.5 performance) GPT4 W Uniform Bar Exam { MBE+ MEE+MPT)
LSAT

i i GPT 4 iSi
:E:E;:iiw percentll lower bound (among fest takers) {n%\;l?gnﬁj [ | SAT Evidence-Based Reading & Writing GPT pe rformance on
- SAT Math academic and

Graduate Record Examination (GRE) Quantitative .
Graduate Record Examination (GRE) Verbal profess|ona| exams
Graduate Record Examination {GRE) Writing
USABO Semifinal Exam 2020

USNCO Local Section Exam 2002 80% n po¢ -TeCTOB
Medical Knowledge Self-Assessment Program G PT_4 M pOXOﬂMT!

Ciodeforces Rating

AP At History T.e. oHa roToBa
AP Biology 3aMeHUTb naen
AP Calculus BC

AP Chermistry B 80% npodreccumn,
AP English Language and Composition rne TpeGyeTCH

80% —

60% —

40% —

AP English Literatur: and Composition

AP Environmer tal Science B bl cu.lee
oGpa3oBaHue

AP Macroec momics
20% — AP Microec momics
AP Phys cs 2
AP Psychaiogy

AP Slatistics

AP U5 Government
T AP US History
AP World History
lMpocmo modesnb e
u 6a3a dnsn AMC 12
oductory Sommelier (theory knowledge)
06yquUH =rtified Sommelier {theary knowlkedge)

— aon)’{Hbl 6b,mb tvanced Sommelier (theory knowledge)

MHoro OLIJVIGOK, NMNOYTU BCE «HA TPOEUKY»

Leetoode {easy )

. I-OPA3HO Leeteode {medinm)
GPT-4 Technical Report, OpenAl, 2023 6onbwe! Leeteode (hard)




GPT-4 (mapt 2023): «<ym» 3aBUCUT OT pasmepa «MO3ra» U «onbiTa»

OpenAl codebase next word prediction

o porwers GPT-4 o4eHb NpeackasyemMo Maclutabupyercs

. (<yMHeeT ¢ yBenuyeHnem pasmepa)

¢ Observed
50 Prediction
| apt-4
40 ®
9
3.0 ® 'l-.-'b
. —
. L(C) = aC” + ¢
®

20 s
1.0 I | 1 T I I |

100p 10n 1y 100 0.01 1

Compute

A large focus of the GPT-4 project was
building a deep learning stack that scales
predictably. The primary reason is that for very
large training runs like GPT-4, it is not feasible to
do extensive model-specific tuning.

GPT-4 Technical Report, OpenAl, 2023

BAXXHO: 3aBucumocTtb KavyectBa OT
pa3mepa ceTu, o6 bLemMa AaHHbIX U
BPeMeHM BbIYMUCIIEHUN
c¢opmyrnbHast u xopoLuo
npeanckasyemasa Ha BCeM Anana3oHe
mMacwitabos!

The final loss of properly-
trained large language
models is thought to be
well approximated by
power laws in the amount
of compute used to train
the model

We predicted GPT-4’s
final loss on our internal
codebase (not part of the
training set), from models
trained using the same
methodology

but using at most
10,000x less compute
than GPT-4.




GPT-4 (mapt 2023): «<ym» 3aBUCUT OT pasmepa «MO3ra» U «onbiTa»

OpenAl codebase next word prediction

Bits per word
6.0

50

40

30 @

20

10

GPT-4 o4yeHb npeackasyemMo maclitabupyerca
(«<ymHeeT ¢ yBenuuyeHnem pasmepanr)

The final loss of properly-

trained large language
models is thought to be

* Observed well approximated by
Prﬂ“"‘f’” power laws in the amount
apt-

A A A A Al

GPT-4 B uucppax

/ of compute used to train

T-4’s

| I |
100p 10n 1y

Compute

A large focus of the GPT-4 project was
building a deep learning stack that scales
predictably. The primary reason is that for very
large training runs like GPT-4, it is not feasible to
do extensive model-specific tuning.

GPT-4 Technical Report, OpenAl, 2023

Size: GPT-4 is more than 10x the size of GPT-3.

It has a total of ~1.8 trillion parameters in 120 layers.
Mixture Of Experts: OpenAl utilizes 16 experts within
their model, each is about ~111B parameters for MLP.
Dataset: GPT-4 is trained on ~13T (10%?) tokens.
Training Cost: ~2.15e25 FLOPS, on ~25,000 A100s for
90 to 100 days = about $63 million.

Inference: Each forward pass inference (generation of 1
token) utilizes ~280B parameters and ~560 TFLOPs.
Inference Cost GPT-4 costs 3x that of the 175B
parameter Davinchi. About $0.0049 cents per 1k tokens
for 128 A100s to inference GPT-4.

nternal
t of the
models
same

{
pute

S

https://threadreaderapp.com/thread/167854517050826
7522.html




EcTb "1 nepcneKkTtnsa ucnonob3osaHusa LLM B 6oprosom UN?
LLM MoOXeT UMeTb APYryro apXUTeKTypy

LLM moxeT pabotatb ObICTpee

—de— Accelerate

—fe— FlexGen —de— DeepSpeed

=% = FlexGen (c)

OPT-175B
20 *——* 23
*

-
-
-
-

2_27 * 21
I
%

OPT-30B

s — = == —

|
Generation throughput (token/s)

* I 273
2—8_

210 211 212 213 28 2‘3 210
Latency (s) Latency (s)

175B napameTtpoB = GPT-3

FlexGen (mapt 2023): BbinonHeHue 175B LLM Ha ogHOM

16GB GPU  https://github.com/FMInference/FlexGen
O6yyeHue LLM npocmbiM cMepMHbIM HeG0CMYIHO.
OO0Hako ucrnosib308aHuUe 8 C80UX KOHEYHbIX U Oaxke
6opmoebix peweHUsIX 8rMoJsIHe 803MOXKHO!
Takxe docmynHo dooby4yeHue (He Ha 6opmy).

High-throughput Generative Inference of Large Language
Models with a Single GPU, 2023

HanpaBneHusa nccnegoBaHum:
- linearized attention [KVPF20]
- recurrent models for efficient
inference while sacrificing training
parallelism [PAA+23]

- replacing attention with other
mechanisms, such as S4
[GGR21], and its variants
[DFS+22, PMN+23].

Ierence wosL

20alny wurve

LM Perplexity

0 |

1 S

GPU Memory| Throughput? Latency| Model Size (B)

(GB) (wps) (ms)

Transformer RetNet I

[KVPF20] Transformers are RNNSs:

8.4X
40 300 300 E
20 3'4x 150 150
I 15.6X
0 0

Retentive
Network
(RETNET) -
LLM, achieving
training
parallelism,
low-cost
inference, and
performance.

Low-Cost
Inference

S A
%
6/ 9«
2.2
4& 4 Transformer Z~°
% &

Fast autoregressive transformers with linear attention.

[PMN+23] Towards larger convolutional language models.
[GGR21] Efficiently modeling long sequences with

structured state Spaces

Retentive Network: A Successor to Transformer for Large

Language Models, Sun et al., 2023

Ycnexu ecmsb!



TpaHcpopmepbl u CNN
B 3aga4ax 3peHna n multi-modal

(pazsumue mpaHcgpopmepos u CNN
8 obsnacmu CV, 2020-2023)



TpaHcgpopmepol udym e CV! (2020+)

Knaccudumkauyma ImageNet O6Hapyxenne MS COCO
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Mo gaHHbIM https://paperswithcode.com/



ba3oeas udesa npumeHeHusA / +
mpaHcghopmepoe K 3a0a4am 3peHus: Tp chcbop mepol uay m e CV! ( 2020 )

8MeCmo MmeKCmMoebiX MOKEeHO08 -

ppazmeHmsi usobpaceHuli Shifted Windows Swin Transformer (2021)
Vision Transformer (2020) Layer | Layer 1+1 A
Vision Transformer architecture A local window to
perform self-attention
Vision Transformer (ViT) ' Transformer Encoder > ; '
I _ ! ‘ : L
e : . A patch
l | ﬁ | & o
Transformer Encoder :
: o - - —_ oo
e~ @ @5 @g@ﬁ @5@ @35 @15 | ApxuTekTypa L e M R
C ke 1 mbedain ng [ llm..u' Pmy:umn ofFInm.md Pauhu ! Txixes Ixixc 2y ¥ xoc £ xjex4c %3 X8C : E MLE E . [ENEE
SEE [ . ! - -2
mgl—>-lm‘§lﬁﬂ - P HE - ® e 4o
i [ Embedded I = INE B B B
1 Patches Images “ "E 2 % E

(b) Two Successive Swin Transformer Blocks

(a) Architecture

U306paxceHUe KaK «meKcm»:
8ce MOKeHbl CPaBHUBAOMCSA MOMNAPHO,
omcro0a Keadpamu4Hble 8bIYUCAEHUSA

TpaHchopmepbl 20p3a00 MmedsieHHee c8epmMOoYHbIX cemel
U3-30 KeaOpPamMu4HbIX 8bl4uUcaeHuli, Ho ecau ux 6s10Ku

npumeHam»s /10Kas1IbHO, MO CKOpoCmMb cyweCcmeeHHo

An Image is Worth 16x16 Words: Transformers for Image Recognition at |
Scale Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Yy
Weissenborn, Xiaohua Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias
Minderer, Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlsby




MAE: Masked Autoencoders As Scalable Vision Learners (2021) Self-Supervised Learning

MAE: Masked Autoencoders Are Scalable Vision Learners o [ |
[ |
0 E E: &
Better BERT-style trainin
. o b 9 0 a [ ] B 0
with a few tricks: H ] . 0 B
[ =
- Only encode 4] C [ | . -
non-masked tokens HE™HEE & B . HPYE . = =
- Use a decoder to EnENs w mrse encoder|  —» " |decoder
1 aecod FEMEN > gy encoder deooder 5 > EENN ] [ |
predict missing 7RI ) " . LEEE . O |
patches EEEEE H EENE B ]
input . . target .
Simple autoencoding of Y . . m
RGB pixel values works o ] > = =
extremely well! = = input . N
3 A A fabl Xiv 2021 . .

MAE: Masked Autoencoders As Spatiotemporal Learners, Christoph Feichtenhofer, Haoqi Fan, Yanghao Li, Kaiming He, Meta Al, FAIR, 2022

| ‘ Scaling up
Images : Language ! ) MIM Pre-training
Model in teacher-mode (30M image data, 150 ep) Downstream Transfer

Original -] o I like tea with milk | ' = o
! i D + Image Classification
EVA

[)

+ Video Action Classification
Teacher tracks

---------- 1 P ol student * Object Detection
redict mod
% parameters
Model in student-mode : representation of

|
1
|
i | original input 1.0B #param.
A IO (O N (NN N I F—
*.—o— Iliketea.milk : |:| H U 1
|

* Instance Segmentation

* Semantic Segmentation

* Scaling up Larger CLIP

* elc

data2vec: A General Framework for Self-supervised EVA: Exploring the Limits of Masked Visual
Learning in Speech, Vision and Language, MetaAl, 2022 Representation Learning at Scale, Fang et al., 2022

Cemu GPT u BERT oby4yarom Ha soccmaHo8/eHUe «3aMACcKUpPOBAHHbIX» hpazmMeHmMoe8 mexkcma.
Oka3anoce 0214 usobpaxceHuli, audeo u Opy2ux munoe OaHHbIX 3Mo moxce pabomaem!



Multimodal DETR (M-DETR)

predicted

boxes -

b

Transformer

set of images
_features
\ 2D positional
- embedding
2
/ - L] S
Concat
-\ — — — =
“A cat with white paws jumps over RoBERTal__, 5
a fence in front of a yellow tree” 8
/ sequence of
L L text features
Self-Attention for Vision
Ashish Vaswani', Prajit Ramachandran', and Aravind Srinivas®
" Google Research, 2 UC Berkeley

AHanu3 eu3yanbHobiX OAHHbIX
10 MeKcmoeomy OMnuUCAHUIO
HO ecmecmeeHHOM f3biKe

Multi-modal Learning

with jumps over
in front of ]
2 P

@ no object

leHepayusa su3yasnbHbIX OGHHbIX
Mo meKcmosomy onucaHuto
Ha ecmecmeeHHOM A3blKe

Tekcmoevle u su3yasbHble
O0aHHbIe nepesooamcs 8
eduHoe npedcmasneHue

u nomom obpabameisaromcsa
coemecmHo!

CLIP: Visual representations from image-and-text data

(1) Contrastive pre-training

Text

—
Encoder i l ] ] Encoder
‘ = = 4
L T T3 - Tn =
LTy 1,1 | 4T 1Ty .
(3) Use for zero-shot prediction
LTy |2T2 | LTy Iy Ty N | T | 7 T
"“°9° 13Ty | 15T2 | 15T I T
. “* E'::;%:f%l, LT | 4T [ 11
|- }
INTy | InT2 | INTs he'Tn POERD

(C) Cnaing: Alexey Dosovitskiy, Transformers for.Vision, OpenTalks.Al/2022

(2) Create dataset classifier from label text




“What is the color of the |
behind the =

Q: Is there a blue box Q: What shape object Q: Are all the balls small?  Q: Is the green block to the  Q: Two items share a color,
in the items? Az yes is farthest right? Atno right of the yel ll ow sphere? m:zr rial, and a shape; whm‘

Az cylinder Az yes is the size of the rightmost
of those items? A: large
Predicted Program: Predicted Program: Predicted Program: Predicted Program: Predicted Program:
exist query_shape equal size exist count
filter shape[cube] unique query size filter_shape[cube] filter_shape [cube]
filter color[blue] relate[right] unique leter,color[green] same material
scene unique filter_shape [sphere] relate[right] unique
filter_shape[cylinder] @ scene unique filter_shape[cylinder]
filter color[blue] query size filter_shape[sphere] @ scene
scene unique filter color[yellow]

filter._s! e[sphere] @ scene

eeeee
Predicted Answer: Predicted Answer: Predicted Answer: Predicted Answer: Predicted Answer:
v yes v cylinder v no Vyes X0

mpebyrowue paccyyrcoeHul:
«8U3yanbHbIl mecm TolopuHaa»

Omeemobl Ha su3yasbHbIE 80MPOCHI,

Multi-modal Learning

CoBmecTHas 06paboTKa cMrHanbHOM M CUMBOIbHOW MHPOPMaLLUK

2017: UN-1 BcTpeuaeTtca ¢ UU-2111

tokens
bbox

—| Image features = = = =

Self-Attention for Vision

Ashish Vaswani', Prajit Ramachandran’,

' Google Research, > UC Berkeley
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A A \ -
| R
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v % Question type =

—— Cross Transformer R Type2

encoder decoder |
A | Answers
' : of type 1
IEEL  LILLLL

|
Text features ] | |:l|:| : — Answers
.......................... '  oitype
Object QA specnf‘ c : question:

and Aravind Srinivas?

2021: PaHblue Ka3anocCb, YTO 34eCb HYXXHbl 6a3bl 3HaHUMN U ornMveckKoe
nporpammmpoBaHue, Tenepb 3To Aenatt TpaHchopmepbi!

Kamat

h et a

2021




Foundation Models (2020+)

Upesa: oOyunTtb ogHy Mmoaersb Ha
6 6 Emergence of...
ONnbLIOM 06bemMe AaHHbIX, @ MOTOM b R

uhowu

learning algorithms

Multi-modal Learning

Machine Learningg
|

Foundation Models

Learning

features functionalities

architectures  models

cpa3y NPUMEHATb ee AN MHOXeCcTBa ¢

NPUIOXEHUN .

Question

Answering /_,.

Data

©
%

' Sentiment
Analysis
l. l ! ' w)
Text ;
\ “‘Q | L, @ )
"‘ : ‘ - \.,G S ,  Information
. g moges y i Extraction \
o h J Adaptation 4P
2 4@ o : aptation
Speech% g Foundation : sw,  Image
Model &Vl Captioning 4.
_ Structured
< Data
— ‘Eg ® Object
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p Instruction
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v/

Fig. 2. A foundation model can centralize the information from all the data from various modalities. This
one model can then be adapted to a wide range of downstream tasks.

On the Opportunities and Risks of Foundation Models, 2022

Al is undergoing a paradigm shift with the rise of models (e.g.,
BERT, DALL-E, GPT-3) trained on broad data (generally using
self-supervision at scale) that can be adapted to a wide range of
downstream tasks. We call these models foundation models to
underscore their critically central yet incomplete character.

This report provides a thorough account of the opportunities and
risks of foundation models, ranging from their capabilities (e.g.,
language, vision, robotic manipulation, reasoning, human
interaction) and technical principles (e.g., model architectures,
training procedures, data, systems, security, evaluation, theory) to
their applications (e.g., law, healthcare, education) and societal
impact (e.g., inequity, misuse, economic and environmental
impact, legal and ethical considerations).

Though foundation models are based on standard deep
learning and transfer learning, their scale results in new
emergent capabilities, and their effectiveness across so
many tasks incentivizes homogenization.

Stanford Universit
Center for Research on ot Y
Foundation Models Artificial Intelligence



GPT-4 (mapt 2023): ToXKe dyHAaMeHTa/IbHAA MOAEeNb

GPT-4 visual input example, Solving Ecole Polytechnique’s Physics Exam:

User Answer question I.l.a. Think step-by-step.
L. Principe de la détection de rayonnement avec un bolométre GPT-4 To answer question I.1.a, we need to express the temperature 7'(x) in every point
' : of the conductive bar, which is characterized by the abscissa x. We are given that
Comume illustré sur la figure 1 un bolomésre est constitué d'un ahsorbeur qui regoit le rayon- o . o
nement que Lon désive détecter. Sa température T, supposée uniforme, est mesurée 4 Ualde d'un T(U} - TO (l[](l T(L} - Tb
thermomdte incorporn?, constitué d'un matdriau conducteur dont la résistance B(T) varic avec la
> oot X i ) L1t L 2 . . . . .
température T : cette variation est carctirisée par le coefficiont a = RaT L'ensemble posséde F’O[ a Stilth[]aI'y reg]me’ the heat equatll_"ll] for the One—dllllen‘alO[]ﬂl heat
la capocité thermigue Chy. . - e
conduction in the bar is:
Un barresu, conducteur thermique, homogéne, de longueur L, de soction § «t de conducti- dQT,’dIQ = U

vite thermique A ot snns echanges thermiques latérmix, relie le bolométre 4 un thermostat de
température 7, fixe, .
Integratmg once, we get:

rayonnement incident  puissiance £, dT /d:}: — Cl
Integrating a second time:
absorbeur T(T) = Clﬂf + CQ
courant de A
polarisation . .
—_—— o To determine the constants C'; and C'y, we use the boundary conditions:
‘th . .
f : T(0) = T0, which gives Cy =T0
1,55 [ bareau T(L) = Tb, which gives Cy, = (Tb—T0)/L
conducteur
shermostat 7. Ty Finally, the expression for T'(x) is:

T(z)=(Tb—T0) % (z/L)+TO0
This represents a linear temperature profile along the conductive bar, with a slope

L1, Dans cette premifre partie, on @adie le comportement. du bolométee en régine station- Of (Tb — TD),’L
naire, & la cempérature de fonctionnoment 7 = T;,.

Figure | - Schéma d'un olomitre

I.1L.a) Exprimer la températuve T2} en tout point du barrean conductewr repérd par son
| \ I

abscisse r; on prendra T(0) = Ty et T(L) =T, Tenepb BXOﬂ G PT MO)I(HO

Tak GPT n npoxoauT, Hanpumep, TeCcTbl MO nogaBaTtb HE TOJIbKO
don3uke, rae HyXKHO aHanNnM3npPoBaTb CXEMbl, TEKCT, HO U U300paxeHus
¢hopmyrbl U TEKCT OAHOBPEMEHHO (npaBaa, BbIXoA NoKa

_ TONbKO TEKCTOBbLIN)
GPT-4 Technical Report, OpenAl, 2023




Transformers vs. CNN: Hu1uyero ewe He acHo! Hanpumep, ConvNeXt...

90

88

86

84

82

80

78

ImageNet-1K Acc.

CBepToYHan ceTb 3aMMCTBYET
unaero Swin n 6ber no
KauecTBy TpaHchopmepbi»!

ConvNeXt |

Swin Transformer
(2021)

ResNet Sl
2020
(2015) ( )

®
ImageNet-1K Trained

ConvNeXt
Swin Transformer
ViT (2021)
(2020)
Dlameter
1 | |
4 8 16 256 GFLOPs

ImageNet-22K Pre-trained

A ConvNet for the 2020s, Facebook Al Research (FAIR), 2022

ImageNet-1K classification
results for ConvNets and
vision Transformers.

Each bubble’s area is
proportional to FLOPs of a
variant in a model family.
ImageNet-1K/22K models
here

take 2242/3842 images
respectively.

ResNet and ViT results were
obtained with improved
training procedures over the
original papers.

We demonstrate that a
standard ConvNet model can
achieve the same level of
scalability as hierarchical
vision Transformers while
being much simplerin
design.

https://github.com/facebookresearch/ConvNeXt



Transformers vs. CNN: Huuero ewe He acHo! ConvNeXt V2...(2023)

input Ewe oauH TPIOK
" +1.5%
g5 86.0 TpaHchopmepoB be3
ALK » - +1.1%
U 5 it TpaHchopmepoB
(17 A 2 ~ 659M
"v '% ‘. -.,,‘_‘u&o 3“: 84.0 +0.9%
= 30 >
11 2 3 198M
5 |l g 8 g
o > P - +0.8% 28M
hierarchical plain o3 80.0
encoder decoder = o 15.6M
5 +1.0%
z [
: o 9.1M Fully Convolutional
Fully Convolutional Masked Autoencoder 8780 . oo y . .
E ¥ Self-Supervised Learning!
ImageNet-1K Acc.
90 76.0 5.2M ConvNeXt V1 Sup
88 . 3.7M ConvNeXt V2 Self-Sup
ConvNeXt V1 Self-Sup
86 . ConvNeXt ?40 . .
Swin (Tzfggﬁf;mf’ o conmex Atto Femto Pico Nano Tiny Base Large Huge
84 - U win égg;s)ormer
L e . oz Figure 1. ConvNeXt V2 model scaling. The ConvNeXt V2
® . model, which has been pre-trained using our fully convolutional
» . o e masked autoencoder framework, performs significantly better than
8 ImageNet-1K Trained ImageNet-22K Pre-irained the previous version across a wide range of model sizes.

ConvNeXt V2: Co-designing and Scaling ConvNets with Masked Autoencoders, KAIST, Meta Al, FAIR, 2023



Transformers vs. CNN: Huuero ewie He sscHo! Revisiting Large Kernels (RepLKNet )

~ e
. ﬁ.& ‘
3 FE vty
- » :,-’.'! - >.;
e N
P s

(A) ResNet-101

*The Effective Receptive Field (ERF) of
ResNet-101/152 and RepLKNet-13/31
respectively. A more widely distributed
dark area indicates a larger ERF. More
layers (e.g., from ResNet-101 to ResNet-
152) help little in enlarging ERFs. Instead,
our large kernel model RepLKNet
effectively obtains large ERFs.

Briefly, we produce an aggregated
contribution score ma-

trix A (1024x1024), where each entry a (0 <
a < 1) measures the contribution of the
corresponding pixel on the input image to
the central point of the feature map
produced by the last layer.

*Scaling Up Your Kernels to 31x31: Revisiting
Large Kernel Design in CNNs, Ding et al., 2022

(B) ResNet-152  (C) RepLKNet-13 (D) RepLKNet-31

RepLKNet comprises Stem, Stages

input [ 3:3.C,  ]stride=2
| Stem | and Transitions. Except for depth-
I _—IXI,C .
Bon DN side wise (DW) large kernel, the other
. components include DW 3x3, dense
| Transition 1 | { e W srides 1x1 conv, and batch normalization
Stage 2 [ [ RepLi Block i (BN). Note that every conv layer has
| Tmns:mon 2 | | Ccomees | a following BN, which are
) not depicted. Such conv-BN
RepLK Block
Stage 3 i B sequences use RelU as the
| TR | g activation function, except those
: e before the shortcut-addition and
St““‘f""* L [ ConvrrN | those preceding GELU.
output g +
Input  Top-1 Params FLOPs Throughput ImageNet results.
Model .
resolution acc (M)  (G) examples/s The throughput is tested with
RepLKNet-31B 224224 835 79 15.3 295.5 FP32 and a batch size of 64 on
Swin-B 224%224 835 88 154 2262 b
RepLKNet-31B 384384 848 79 451 970 2080Ti. # indicates ImageNet-
Swin-B 384x384 845 88 470 67.9 22K pretrain-ing.
RepLKNet-31B ¥ 224x224 852 - - - ¢ indicates pretrained with
Swin-B * 224x224 852 - - - extra data.
RepLKNet-31B ¥ 384x384 86.0 - - -
Swin-B 384%384 86.4 _ B} B} CsepTKa c 6oabluMMmM agpamu
RepLKNet-31L ¥ 384x384 86.6 172  96.0 50.2 MmoxKeT 3¢ PeKTUBHO
Swin-L ¥ 384x384 873 197 1039 36.2 MoAennpoBaTb CBOMCTBA
RepLKNet-XL © 320x320 87.8 335 128.7 39.1

TpaHchopmepoB!




Transformers vs. CNN: Hu1uero ewe He acHo! Sparse Large Kernel Network (SLaK)

ConvNeXt RepLKNet SLaK
Input Input Input
‘iﬁﬁl .---|51x51 5x5 u,| 51

Step 1. Decomposing a large kernel into two rectangular, parallel kernels.
Step 2. Using sparse groups, expanding more width.

=5||5x51||5x5|

’ {
— 1 /
+

Large depth-wise kernel (e.g., 51x51) paradigms of ConvNeXt, RepLKNet, and SLaK.
Dark blue squares refer to the dense weights in convolutional kernels.
Light blue squares refer to the sparse weights in convolutional kernels.

ConuNeXt [7, 7,7, 7] ConvNeXt (RepLKNet) [31, 29, 27, 13) SLaK 51, 49,47, 13]

o 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 e&00 800 1000
0 1.0 0 rr 1.0 0 10

200 +08 200 08 200

400 L 0.6 400 L 0.6 400 L 0.6

600 L 04 600

0.4 600 roa

800 02 800 g3 800

1000 1000 1000

Effective receptive field (ERF) of models with various kernel sizes. SLaK is not only
able to capture long-range dependence but also the local context features

*MORE CONVNETS IN THE 2020S: SCALING UP KERNELS
BEYOND 51 x 51 USING SPARSITY, Liu et al., 2023

Pa3pe)keHHble aapa CBepTKU

moryT 6biTb ewe 6onbLue
u ewe apPpeKkTUBHEE

Model | Image Size  #Param. FLOPs Top-1 Acc
ResNet-50 (TTe et al., 2016) 224 %224 26M 4.1G 76.5
ResNeXt-50-32x4d (Xie et al., 2017) 224 %224 25M 4.3G 77.6
ResMLP-24 (Touvron et al., 2021a) 224224 30M 6.0G 79.4
DeiT-S (Touvron et al., 2021b) 224 %224 22M 4.6G T79.8
Swin-T (Liu et al., 2021e) 224224 28M 4.5G 81.3
TNT-S (Han et al., 2021a) 224 %224 24M 5.2G 81.3
T2T-ViT;-14 (Yuan et al., 2021a) 224x224 22M 6.1G 81.7
ConvNeXt-T (Liu et al., 2022b) 224 %224 29M 4.5G 82.1
SLaK-T 224x224 30M/s50M 5.0G/8.7G 82.5
Mixer-B/16 (Tolstikhin et al., 2021) 224%224 59M 11.6G 76.4
ResNet-101 (He et al., 2016) 224%224 45M 7.9G 77.4
ResNeXt101-32x4d (Xie et al., 2017) 224 %224 44M 8.0G 78.8
PVT-Large (Wang et al., 2021b) 224224 61M 9.8G 81.7
T2T-ViT,;-19 (Yuan et al., 2021a) 224 %224 39M 9.8G 824
Swin-S (Liv et al., 2021¢) 224 %224 50M 8.7G 83.0
ConvNeXt-S (Liu et al., 2022b) 224224 50M 8.7G 83.1
SLaK-S 224224 55M/sim 9.8G/16.7G 83.8
DeiT-Base/16 (Touvron et al., 2021b) 224 %224 87TM 17.6G 81.8
RepLKNet-31B (Ding et al., 2022) 224 %224 79M 15.3G 83.5
Swin-B (Liu et al, 2021¢) 224224 88M 154G 835
ConvNeXt-B (Liu et al., 2022b) 224%224 89M 15.4G 83.8
SLaK-B 224x224  95M/1ssM  17.1G/28.5G 84.0
ViT-Base/16 (Dosovitskiy et al., 2021) | 384x384 87M 554G 779
DeiT-B/16 (Touvron et al., 2021b) 384x384 86M 554G 83.1
Swin-B (Liu et al,, 2021e) 384384 88M 47.1G 84.5
RepLLKNet-31B (Ding et al., 2022) 384 <384 79M 45.1G 84.8
ConvNeXt-B (Liu et al., 2022b) 384 %384 89M 45.0G 85.1
SLaK-B 384x384  95M/issm  50.3G/83.8G 85.5

Classification accuracy on ImageNet-1K. For SLaK models both theoretical, sparsity-aware
numbers parameter & FLOPs (in black), and measured = no sparsity-aware acceleration (in blue).



Transformers vs. CNN: Huuero ewe He acHo! Math CNN Design (DeepMAD)

Theorem 1. The normalized Gaussian entropy upper
bound of the MLP f(-) is

Zero-Shot Auto-ML

L
Hf = wLHZlog(wi). (1) (DeepMAD):
=1 HyxHo
4.3. Final DeepMAD Formula OnTUMNsMpoBATL
COOTHOLWEeHue
We gather everything together and present the final math- Fy6UHDI 1
ematical programming problem for DeepMAD. Suppose LWMPMHBI
that we aim to design an L-layer CNN model f(-) with M
stages. The entropy of the ¢-th stage is denoted as H; de- APXUTEKTYPHBIX
fined in Eq. (4). Within each stage, all blocks use the same 6nokoe CNN,
structural parameters (width, kernel size, etc.). The width MaKCMMuUsnpyA
of each CNN layer is defined by w; = cikf /gi. The depth S3HmMponurw
of each stage is denoted as L; fori =1,2,--- , M. We pro- (cnoxkHoCTb) NpK
pose to optimize {w;, L;} via the following mathematical orpaHMueHum
programming (MP) problem: agpchexmusHocmu
v (oTHOWeHUA
max Z o H; — BQ, rnyﬁvMHbl K
i=1 cpegHen WUpUHe
6n0Ka)

L
st. L-([]w)™* < pos

=1 (5)
FLOPs|f(-)] < budget,

Params[f(-)] < budget,
Q é exp[Va,r(Ll, L2a T LM)]:
w; <woe < --- < Wi

OZPCIHU‘IEHUﬁ Ha 4yucnao

nporpammupoBaHuem!

[Oaxxe c yyeTom 0onosHuUmMenbHbIX

eblvucneHuli u napamempoe
3ajada pelwlaerca NIMHEeMHbIM

CIFAR-100 Top-1 Accuracy (%)

~
=l

~
o
Il

~J
un
Il

=J
=

*DeepMAD: Mathematical Architecture Design for Deep Convolutional Neural Network, Shen et al., 2023

e Accuracy Max - »~"F12s
r
| == Entropy : e ¢ — 0 b
- 10.5
a® o
* -
-]
L85 %
-
S
- 6.5 5
c
-~ L
L] of
r’ - 4.5
Fd
1 »~
[
r - 2.5
:1 DI3 O:S DI.? 0:9
Effectiveness p
DeepMAD v.s.
Model # Param. FLOPs p Acc. (%) ResNet on
_ - : : : ImageNet-1K,
ResNet-18 [21]  11.7M  1.8G 001 709 )
ResNet-18 11.7M  18G 001 722 using ResNet
DeepMAD-RI8  11.7M  1.8G 0.1 76.9 building block. T:
DeepMAD-RI8 11.7M  1.8G 0.5 71.5 el .
DeepMAD-RIS 117M  1.8G 07 757 QL [olftetiniss ()1
ResNet-34 1] 218M  3.6G 002 744 tuned for
ResNet-34+ 218M  36G 002 756 DeepMAD-R18.
DeepMAD-R34  21.8M  36G 0.3 79.7 DeepMAD achieves
ResNet-50 [21]  256M  41G 0.9 71.4 consistent
RESNS[:SOT 25.6 M 41G 0.09 79.3 improvements to
DeepMAD-RS0 256M  41G 03 80.6
L ResNet18/34/50

with the same
Params and FLOPs.



Transformers vs. CNN: Huuero ewie He sacHO!

85

Transformers vs. CNIN: HM4ero ewe He AcHo! Math CNN Design (DeepMAD)

T b [ | ] DeepMAD-89M  SLaK-B
i L Rty N DeepMAD-50M
: . s SLaK-S
S“ ﬂu /o
3 ConvNeXt-5

ConvNeXt-B

ANt 15 HIM L
DegMADRIS  117M 156G ™o
DopMADRIS 117M 136 a3 T

«,  Auto-ML (DeepMAD)
6beT SOTA ViT and CNN

.....

co
L

’T-19 Swin-S

ConvNeXt-T

Swin-T

oo
o

Transformers vs. CNN: Hr4ero ewe He acHol Hanpumep, ConvNeXt... Transformers vs. CNN: Huuero eue He acHo! Sparse Large Kernel Network (SLaK)

ResNet-152

ImageMet-1K classification

ImageNet-1K Top-1 Accuracy (%)
oo
[

proportionalto FLOPsofa

. here

ImageNet-1K Acc,
a0 9 results for Convhlets and ConvNext — W':: ﬂ-k::‘ [ S . Dcomrorig s et b v e e e
vision Transformers.
CBepTouHaR l-tn-aalmnyer Each bubble's arca s - J, ’ | s | ) e ey B PaspemeHHLIE AEPa CBEPTHI
naeto Swin u 6oet no :,’!r‘i pResH [BES [5i5] [":” ESET ) moryT 6uims ewe Gonbwe.

88 wauecrsy TpaHchopmepein! variant in a model famiky,
?‘ 9 i ImageNet-1K/22K modeks
86 Conviext , Large depth-wise kernel (2.2, 51x51) paradigms of ConvNeXt, RepLKNet, andSLaK.
Swin Transform take 224%/384% | Darkbl » dense weightsi i
i [2’3;:) p ConviNeXt r:ssa:tivelv e RES N Et_l U 1 Li;t‘-'uesqmrzL-:mthn e kernels.
84 e ' = Swin gggil)nmei ResMetand ViT resultswere 2 -
ResNet ] obtained withimproved o we i
e em © 8 | b et ’ I CBepTKa ¢ 60nbLwIMMM
82 .
784 = CBepTO‘-IHaﬂ CeéTb 3auMCTBYEeT pa3pexXeHHbiMU aapamu
w ® naeto Swin u 6bet no e rcenenescnr MOXKET 6bITb 3P PEKTUBHEE
ImageNet-1K Train( Zhiets cam: long-mngede)
»! TpaHcpopmepos!
oo KGYECTBY TPAHCGOPMEPDLI»! i P :
- -
T T T

17

15 .25 35
*DeepMAD: Mathematical Architecture Design for Deep
Convolutional Neural Network, Shen et al., 2023

45 55 65
Number of Parameters (Millions)
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MalwuHHOoe obyueHUue ana ynpasaeHus
Reinforcement Learning

(obyueHune c nogKpenneHuem)

Advances in RL-2021-2023:

® ChatGPT (cm.sbiwe)

e Open-Ended Learning

e GATO: A Generalist Agent
® Video PreTraining (VPT)

® DreamerV3: World Model
e GITM: LLM for RL



KpaTKoe
HanoMuHaHue

fnaBHaa upes:

Korpa HeT

BO3MOXHOCTU

ABHOM

ontmmumniauumum

AnddepeHumn-

pyemom

dyHKUUM

1S AzeHm (OY)
NMPUMEHAIOT o

06yueHme delicmeyem
metogom npo6 8 cpeode, U nocne
M OWUOBOK Ka3#0020
3a cyeT o
06paTHOI delicmeus
cBASK OT nosy4yaem
At OMKAUK 8 sude

Deep Reinforcement Learning: obyueHue ¢ nogKkpensieHmem

wmpada unu

B803HA2paMOeHUsa —

—= Reward R(t): score you earned at current step

Bo3HarpakaeHue (nocne xopa)

3apaya RL

State S: current screen A
B TEPMUHaX TEOPUUN
CoctosiHue (UTO BUAUM HA dKpaHe) ORI

Action i: move your board left / right

meTogom npob

OewcrBue (ynpasneHue/xopn) 1 oLNBOK HaliTH

Policy 1t(s): How to choose your action -

{ CtpaTterus (3akoH ynpasneHusa/xopaa) ‘ ynpasneHus
’

~Action value function Q(S,i): onTumMnusu-
your predicted future total rewards pyowmu
CtommocTtb (Bbiurpbiw B byayuwem) ‘ $yHKuMto

- bennmaHa

":l Agent =
state reward action

S, R, A, Kak HayuuTb
L R . HelipoceTb UrpaTb
< Environment ]< B KOMMbIOTEPHYIO UFPY

Human-level control through deep reinforcement learning ( Minh, et al. Nature, 2015)



B 2019 mHoro rosopuau o npopbiee B RL AnAa TaKTUUYECKUX urp U ynpasneHus

Al Beats a Fighter Pilot
in a Virtual Dogfight (2016)

e et I StarCraft Il - nonHOUEHHbIN
22015-17 TaKTMYECKMUIA BOEHHbIM CUMYAATOP C

4rHC AlphaGo YNPOLLEHHOW MOZAENbIO BEAEHNA 60S.
| %.rgs;;\ier:@er
+ 4

i +@ T-lill. *

5 : N18: @Thoaym

[ i
ik 8b/l2paMTs y /1t00eu pe3 5
llokazamensb 3penocmu:
uespoenie 3adavyu 25.01.2019: DeepMind AlphaStar

co cyetoM 11:1 nobeamnna

‘ BeayLwmx npodeccmoHaNnbHbIX
Al ALPHA, built by Psibernetix, Inc. RL NP, CoRR O Too MFpOKOB B StarCraft I

with Air Force Research Laboratory

“CoyeTaHune TexHonornm FHC,

2019+; [J]opoca omkpbimal

OnepamueHO-maKkmu4eckoe AemOHOMHOe yrnpaesieHue Onmumu3sayusi 6usHec-npoyeccos
u 2pynmnoeoe ynpaesJsieHue u onmumu3ayusi obnuka usdenui u npouzeodcmea




TexHonornn rnyboKoro obyueHus B UccneaoBaHuUm onepauuii n ynpasaeHUU

25 aHBapa 2019 r. KomnaHua DeepMind ony6siMkoBana
penns: T'HC AlphaStar co cuetom 11:1 no6eguna Beaywmx
npogeccuoHanbHbiX UrpoKos B StarCraft Il !!!

Fny6oKas
OonTUMM3aLUA B

- 3alaY4aX Teopuun
2019: 'HC cTpoAT MogeNu TakKTUHECKUX CUTYaLUK U A urp >
NPOBOAAT aHaNU3 NyTeu peLeHua cTparernieckux 3anav

AlphaStar: Mastering the Real-Time Strategy Game StarCraft Il

Previously Trained Agents

T AlphaStar Training League

|
86806
7600 -

6600

Supervised Learning
5000 - a Grandmaster

- . L ol e Mastear
4000 - T
a Diamond
3000 - 0

Platinum
o 06y4eH1e C NOAKPEnIeHUEM & oo

M FTeHETMYECKMI 0T6OP 2 siver
O6y4yeHue c yuntenem oo

Estimated MMR

20880

18080 -

Kak 3To caenaHo: CoyeTaHue r/ly6oKMX ceTeM, 0BYyYEeHUS C

YUHUTETIEM, o6yqum| C noaxkpenaeHmnem 1 3BOJILUMOHHOIO 0T6opa 1'4

Training Days
https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii/



Mo cHo nu Hayyume U pewameo

Open'EndEd Learning (OTKprToe OGV‘-IEHVIE) 3apaHee Heu3geecmHble 300a4uU 8
, The XLand Universe cosepuweHHo Hoeoli o6cmaHosKe?
Capture the Cube BT = e 20 Match a Sphere and a Cube
Rules ‘ BCEHCHHGH uzp Rules —
P e — o S R S
:i"f;,v; zt:‘ll)lec (::Dl;e i gi’:{z:‘;:‘;:::i to W ® w

be near black cube

Red agent wants a Competetive |
yellow cube to be

on the blue floor Balance [l
.
Opticns [i=]

Red agent wants: Competetive | |

purple sphere to be
Balance i |
near purple cube

Or. Yellow sphere to Options [ —
be il b
ol tecliotl IR = Uzpoebie mupebi

be near black cube difficulty PS

Heu3zsecmHas 2

HoedaAa uzcpa =
1 -~ : : Y

> mwm : 'y IBE

. ZEGHR= RN P .
’.w _1 M W WA \N

B0 7y = w2 e R MR

oy .

Exploration | I
ditficulty

Hide and Seek

Rules

Blue agent does
not want to be
seen by the red
agent

OmkKpbimoe obyvyeHue yyum He 3a0a4yam,
a KO2HUMUBHOMY noeedeHuro!

Red agent wants 1o Competetive | I
see the blue agent
Balance o
Options J=ho)

Exploration |
difficulty

MonyyeHHble moaenu nosegeHUsn

(sakcnepumeHTUpOBaHME, UCNONb30BaHUE

WHCTPYMEHTOB, COTPYAHUUYECTBO areHToB)
MMnoTtes3a: ecan NOCTPOUTb BCE/IEHHYIO UTPOBbIX 33434 U Nocies0BaTeIbHO XapaKTepHbl ANA KOTHUTUBHOIO NOBEAEHUSA
obyuatb MN-areHTOB UrpaTtb B 3TN Urpbl, TO C KaXXA0W HOBOI UTPOU OHK ByayT

AOCTUraTb Iy4YLlINX pe3y/bTaToOB B 3TOM BCE/IEHHOM U 3a ee npeaenamm
Open-Ended Learning Leads to Generally Capable Agents, DeepMind, 2021.

NoAen N XXNBOTHbIX U Heobxoaumbl ana

camoobyuatowmuxca poboTos.



OmKpbimoe obyyeHue yyum He MoxcHo nu Hayyumoe UN pewiameo
3a0a4yam, a KocGHUMueHomy rnoeeoeHuro! 3apaHee Heu3eeCmHbie 3a0a4u 8

cosepuweHHO Hoeol o6cmaHoeKe?

Open-Ended Learning

Ho yyumocsa (0006yyamoecs) Ha KOHKpemHy1o 3a0ayqy ece pagHo HYyHCHo!

Scores by level and agent

900
B From scratch
B 675 mm Zero-shot
E 450 - BN Fine-tuned
v
o 225 J
0 ‘
‘\
Nl & S & & 4.2' & S & 2
as:_, 6\& E-Gb . A & &_w} ":?\ﬁ Q2 be (::’b éﬁ*—% %@z‘ QL\ o J(.— ,‘JS‘
S T A )
R o N o> & & & O N AR & S &
< & ¥V & & F ¢
< X o
s

Comparison of three agents from different training regimes on a range of hand-authored levels. Scratch: An agent trained
from scratch for 100 million steps. Zero-shot: the agent trained using our methodology and evaluated on these held out
levels zero-shot. Fine-tuned: the same agent but trained for an additional 100 million steps on the level. 100 million steps is
equivalent to 30 minutes of wall-clock time in our setup. This rapid finetuning improves the agent score significantly
compared to zero-shot, and in the majority of cases training from scratch does not achieve any reward.

Open-Ended Learning Leads to Generally Capable Agents, DeepMind, 2021.



Close-Ended Learning vs. Open-Ended Learning
[Mpou3olioem nu cmeHa napaduzmel 8 obyyeHuu ? Ecau 0a, mo Koeoa?

Close-Ended RL

Mo cHo nu Hayyume U pewameo
3apaHee Heu3eecmHble 3a0a4U 8

cosepuweHHO Hosoli o6cmaHoeKe?
Open-Ended RL

Llenb obyueHusn:
obyueHue
KOHKPETHbIM
HaBblKam

Llenb 06 ~ Iepexod om cxemol
€/1b O0y4YeHuUn: S

obyueHue
KOrTHUTUBHOMY
noseAeHUIo

K mpexamanHoli, 20e
- _mepsoii ¢pa3oii 6yoem
B ° L _w |

oby4yeHue c noOKkpenaeHuem

Previously Trained Agents

L
80080
7000

6800 -

Supervised Learning

Mpouecc obyueHuns

AlphaStar . gfa i3

KO2HUMUBHOMY NoeeoeHUto

Mpouecc obyueHus ﬂv
(1) ObyueHune ‘

L
e

g oo _ }“;:__"?_:i‘éﬁ,_’_’a-' Gﬁrjondm::; KOFHUTUBHOMY S & - -0byuyeHue
% [ .’ ;"‘“ noBeAeH 06y4eHme C NoAKpenneHnem
O6yuyeHune c NoAKpenneHnem. . C yuutenem 1 oTbop
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GATO: yHuBepcaanblﬁ areHT

.
A cat that is sitting next
P B - - to a brick wall

B 3 Lt ant STEEl Pracs come Di=sne

A Generalist Agent, DeepMind, 2022.

What is the capital of

(j France?

Paris.

Gj Can you write me a poem?

I don’t know exactly what
to write. There’s just so
much to answer.

G

TpaHcgopmep Onsa
8cex 3a0a4, BKa0MAA ynpaesseHue

Inspired by progress in large-
scale language modeling, we
apply a similar approach towards
building a single generalist agent
beyond the realm of text
outputs. The agent, which we
refer to as Gato, works as a
multi-modal, multi-task, multi-
embodiment generalist policy.
The same network with the
same weights can play Atari,
caption images, chat, stack
blocks with a real robot arm and
much more, deciding based on
its context whether to output
text, joint torques, button
presses, or other tokens.



o TpaHcgopmep Onsa
GATO: yHUBEPCA/ZIbHbIU Ar€HT 8cex 3a0a4, BKa0MAA ynpaesseHue

Multi-modal Learning

JaHHbIe ecex modanbHocmeli ~— ==
nepeeooamca 6 eQUHoe yHuUeepcasbHoe L +3¢phekmusHoe
npeocmaseneHue U NOMom B npedobyyeHue
obpabamesiearomca coemecmHoO T nymem
; MOCKUPOBAHUSA
Observation MOKEHOE
. Action r +.* +.*

Tenepo u deiicmeus e RL! |

Fixed prompt (optional)

Running Gato as a control policy. Gato consumes a sequence of interleaved tokenized observations,
separator tokens, and previously sampled actions to produce the next action in standard autoregressive manner.
The new action is applied to the environment — a game console in this illustration, a new set of observations is

obtained, and the process repeats. Each batch mixes subsequences approximately uniformly

A Generalist Agent, DeepMind, 2022. over domains (e.g. Atari, MassiveWeb, etc.)!



TpaHcghopmep, Komopbil yY4umcs Ha
Hepa3mMeYyeHHbIX MpumMmepax esudeo ¢ uzpol

Video PreTraining (VPT)

Collecting “Clean” Data Training the VPT Foundation Model
S hf | t ~ - . . .
Mecrattuidens | 270KhOUTS - piter for “clean 70K NOUrS via Behavioral Cloning
via keywords unlabeled video segments unfgbefed
video video Train causal

VPT Foundation Model

Training the Inverse Dynamics Model (IDM) | belvidene ~7oKhours . - -

Train non-causal IDM . P g
with IDM IDM-labeled m|

ﬁﬁﬁ ~2k hours - - - with actions r Da
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actions .. @
@ Az2eHm noay4yun bpunauaHm e Minecraft

[Ana mHormx obnacten, TpebyoLNX BbINOAHEHUA CIOXKHbIX NOCAeA0BaTeNbHOCTEN AeNCTBUN (pPOOOTOTEXHMKA, BUAEOUTPHI,...),
0bLLen0CTyNHbIE AaHHbIE HE COAEePKAT METOK, HeobxoanmbIx AN obyyeHna pelleHuto 3a4a4d. 34echb NpeasoXKeHa napaanurma
npeaBapuTenbHoOro obyyeH1a no gaHHbiM M3 UHTepHeTa Ha NocneaoBaTeIbHOE NPUHATUE PeLleHUU C NOMOLLbI UMUTaALUU
obyuyeHun, B X04e KOTPOI areHTbl y4aTcAa AeinCcTBOBaTb, NPOCMATPUBaA OHNAaUH-BUAEO0 6e3 MapKMpPOBKHU.

B 4acTHOCTU, NOKa3aHO, YTO € HE6ONbLLUMM KOIMYECTBOM Pa3MeUYeHHbIX AAHHbIX MOXHO 006y4nTb Moaenb o6paTHOM
AVHAMMUKUN, AOCTAaTOYHO TOYHYIO, YTOObI PAa3MEeTUTb OFPOMHbI Hepa3MeUuyeHHbIW UCTOYHUK OHNIalH-AaHHbIX (OHNalH-BMAEeo
ngeun, urparowumux B Minecraft), Ha ocHoBe KOTOpPbIX 3aTeM MOXXHO Bbly4uuUTb 06LLYI0 Mmoaenb noBeaeHua (urpoil).

Video PreTraining (VPT): Learning to Act by Watching Unlabeled Online Videos, OpenAl, 2022.



DreamerV3: World Model is all you need

Context Input Open Loop Prediction
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ObyyeHue c NnodKpenaeHUem
Ha ocHose modenu mupd

Minecraft Diamond

A2eHm nonay4vun
6punauanm e Minecraft
6e3 npedobyyeHusn

Ha eudeo!

- Max

Mean TOP Al

10K 100K 1M 10M 100M 2022!
Environment Steps

Multi-step predictions on Minecraft. The
model receives the first 5 frames as
context input and the predicts 45 steps
into the future given the action sequence
and without access to intermediate images

Mastering Diverse Domains through World Models, DeepMind, 2022.



. lMpozpammupoeaHue Ha LLM 0ns
GITM: Large Language Model is all you need R O T S SR

RL Kak rpagueHTHbIN cnycK: yunm Beca HC metogom npo6 u owmnbok ok (B wnatan s (ki
RL-based method

keyboard & mouse

.\\ ti n - T
-—_ -

observation

RL Agent Environment

goal ‘ >

his work makes significant
progress towards the
ObtainDiamond challenge,
outperforming all previous
methods by a significant
margin (+47.5% success rate)

action list keyboard & mouse

/,(——_\ —-\
ﬁmﬁ LLM Interface
R i S
feedback

observation

(g) sme

sub-goal tree LLM Planner structured actions Environment

RL 6e3 rpagueHToB: LLM, rnaga B onucaHue urpbl (Wiki Minecraft) BbinonHser
aBTOMaTU4YeCKoe uepapxuyeckoe njaaHMpoBaHue (NOCTpoeHue AepeBa peLleHnn),
KOoTopoe B UuuKae npob un ownbok HaxoauT NyTb K 3a4aHHOM LLenu B urpe

Ctparer* pasbuBaert 3agauy Ha 4acTy,
TakTMK® nnaHupyer geincreua, AreHt*
urpaet, Habnoaarenbv™ onucbiBaer onbIT.
=> U TaK B UUKNe A0 AOCTUXKEHUA uenu
*Bce oHM — 3anpocbl K GPT-3.5!

(a) Shelter with Farmland (b) Iron Golem (c) Redstone Circuit (d) Nether Portal

Ghost in the Minecraft: Generally Capable Agents for Open-World Environments via Large Language Models with
Text-based Knowledge and Memory, 2023.



. lMpozpammupoeaHue Ha LLM 0ns
GITM: Large Language Model is all you need I ) (e ST

RL 6e3 rpapueHTOB: He HacTpPOiiKa BecOB, a U3Be4YeHne 3HaHU u3 Npob u ownobokK!

Instruction ! Plan

Action Interface: e, e e . > A

explore(object) ”explanatlltl)n” : “The last action failed because diamond cannot be found on the ground.”, n p nwe p HOBOU NnNa pa.ﬂ.“ TrMbl

mine(object, tool) L thoughts”: “First | need to dig down to level 12 where diamond is usually found. I

dig_down(y_level, tool arge Then | can explore diamond ore underground with branching strategy. . .

mg o ) Language Once | find diamond ore, | can mine it with the tool iron pickaxe.” _1 I-Iporpa'\,"\nMPC)BaHM’:I B M M -
“action_list”: [

Query lllustration: Model {“name”: “dig_down”, “args”: {“y_leveLl: “12", “tool": “iron_pickaxe"}}, M porpaMmmmnpoBaHUNE HA LLM

Query contains a goal, feedback from the

:::::: !:L ggm&?]egdlamond or!*uztlgav qh';y]gL,LM

| ANAa nussaevyeHna n npnMmeHeHuA 3HAHUMN.
) a NOTOM CMPOCU Yy Hee peLueHune YaCTUUHO HANOMUHAET

Feedback
The action {“name”: “mine”, “args”: {“object”: “diamond_ore”, “tool”: “iron_pickaxe”} failed n p or p dMMU p OBaHWMe Ha I_I p onore.
[ Error message: the target object “diamond_ore” is too far K3 )

OTanyme B TomM, YTO Ha3a 3HaHUM

- inventory: {‘iron_pickaxe’: 1, ...}
dbopmUupyeTca aBTOMATUHECKHU

agent, and reference plan from the memory

1
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1
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|
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|
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1
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|

: Response Format:

1 [ {
: “explanation”: “explain action failure”,

9 1 “thoughts”: “thoughts on your plan”,
|
1
1
1
1
1
1
1
|
1
1
1
|
1
1
1
1
1
1
|
1

“action_list”: [ ... ]

}

Interaction Guideline: - environment: {‘biome’: forest, ‘y_level’: 12}

You will receive feedback messages. If

your action failed, please seplan ... Zoe:::’lzt I «YepHblit AWMK» LLM co3paer «npospauyHble» | >
Query Reference plan: UHTEpnpeTupyemblie NpaBuia NPUHATUA pemeHMﬁ BN p()l'llecce O6quH UA 60" bLLIOU
[

Goal: obtain 1 diamond given iron pickaxe.
External info: Diamond is usually
found at level 12 ...

Feedback

Reference plan

{“name”: “dig_down”, “args”: {“y_level”: “12”, “tool”: “iron_pickaxe”}}, ﬂ 3 bl KO BO l)" MO,CI,el'I M .
{“name”: “explore”, “args”: {“object”: “diamond_ore”, “strategy”: “branching”}},
|' R e A BOT cocTaB/ieHMe 3anpocoB U
name”: “mine”, “args”: {“object”: “diamond_ore”, “tool”:
MCrnosib3oBaHUe oTBeToB — Aeno
«NPOrpPammmcToB Ha LLM».
MporHo3s: B bamkanwem byayuiem

“iron_pickaxe”}

]

Crparer® paszbuBaert 3agauy Ha yacTty,

* 'y *
TakTuk™ nnaHupyer ﬂ'eMCTB"ﬂ’ AreHT nporpammuctbl Ha LLM BoO mHOrom 3ameHAT
— wurpaert, Habaopatenb™* onucbisaet onbiT. NPOrpaMMMCTOB Ha Python.
=> U TaK B UUKNe A0 AOCTUKEHUA uenum (MHkeHepusa 3anpocos)
*Bce oHM — 3anpocbl K GPT-3.5!

(a) Shelter with Farmland (b) Iro

Ghost in the Minecraft: Generally Capable Agents for Open-World Environments via Large Language Models with
Text-based Knowledge and Memory, 2023.



UH)>XeHepunAa 3anpocCoB:
Learning > Prompt Engineering

[ubpuo obyyeHus u paccyroeHud,
nyms K «npo3payHomy» obwvsscHumomy N



PE: Prompt Engineering is all you need!

UHXXeHepuA 3anpocoB: NoJsie3Hble pecypchbl

€3) Learn Prompting

Welcome

@ Basic Applications
£ Intermediate

& Applied Prompting

&7 Advanced Applications

B Reliability

[E Image Prompting
@ Prompt Hacking
& Tooling

& Prompt Tuning

@ Miscellaneous

VvV ¥V ¥V ¥V VvV V VvV V V VYV

@ Vocabulary Reference

¥ English v Changelog @ <0  Q Search

https://learnprompting.org/

Welcome

n

Welcome to Learn Prompting’s Introductory Course on ive Al and Prompt Engineering!

& Bibliography Generative Al is the world's hottest buzzword, and we have created the most comprehensive (and free) guide on how to use it This course is tailored to non-
. technical readers, who may not have even heard of Al, making it the perfect starting point if you are new to Generative Al and Prompt Engineering. Technical
Promg
. . . .
& Additiof o® Prompt Engineering Guide . ° . aunu.. creL O o
[]
e https://www.promptingguide.ai
8 Hot Topi MpoMAT MHXUHUPUHT MPOMAT UHAUHUPUHT Question? Give us feedback —

Edit this page

PykoBoACTBO MO NPOMNT-UHXXUHUPUHTY

MPOMAT-MHXUHVPUHT - 3TO OTHOCUTENBHO HOBAA AMCLUNAMHA Pa3paBoTky U ONTMMU3ALMK NPOMNTOB ANA
3OGEKTUBHOTO MCMNOAL30BAHWA A3LIKOBLIX MoAenei (LM) B WpoKoM CnekTpe NPUAOKEeHUA M MCCNeA0BATRNLCKNX
TemM. HaBblkK NpOMAT-UHXWHWPUHIa MOMOrakoT Nyudllle NOHATL BO3MOXHOCTU W orpaHuuyeHus BONLLINY ASLIKOBLIX

wmogaenei (LLM).

V' MPOMNT-UHXUHUPUHT - 3TO HOBaA AUCLUNANHA pa3paboTKu u

OnNTMMM3ALMU 3aNPOoCcoB AnA 3PpPeKTUBHOro UCNO/1b30BaHUA A3bIKOBbIX
mogenei (LM) B LLUPOKOM CneKTpe NPUIoXKeHUN.

MpoMNT-UHXXUHUPUHT UCNONb3YETCA AJ1A NOBbILLIEHUA NPO3PAYHOCTU U
6e3onacHoctu LLM, nssneuenunsa n pobasneHnsa sHaHMMU, opraH1Msauum
MCNO/1Ib30BaHUA BHELWHUX MHCTPYMEHTOB U B3aumogeincrasusa LLM.

CCbi/IKW, HOBbIE BO3MOXHOCTW LLM M MHCTPYMEHTBI, CBA3AHHbBIE C MPOMMT-UHXWHUPUHIOM.

lMpozpammupoeaHue Ha LLM 0ns
u3sesevyeHus U npumMeHeHUs 3HaHuUl

Basics: Introduction to prompt engineering and
fundamental techniques

Basic Applications: Simple, practical applications of
prompt engineering

Intermediate: Research-based PE techniques with
moderate complexity

Applied Prompting: Comprehensive PE process
walkthroughs contributed by community members

Advanced Applications: Powerful, and more complex
applications of prompt engineering

Reliability: Enhancing the reliability of large language
models (LLMs)

Image Prompting: Prompt engineering for text-to-image
models, such as DALLE and Stable Diffusion

Prompt Hacking: Hacking, but for prompt engineering

Tooling: A review of various prompt engineering tools
and IDEs

Prompt Tuning: Refining prompts using gradient-based
techniques

Miscellaneous: A collection of additional topics and
techniques related to prompt engineering



Chain-of-Thought Prompting: npo6aema He Tonbko B 06yueHuu!

Standard Prompting
/{ Model Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

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

-

A: The answeris 27. x

<input, chain of thought, output> triples

~

J

)

Chain-of-Thought Prompting

/( Model Input \

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

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

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

. J

A

The
answer is 9. J

Chain of thought:

1. allows models to
decompose multi-
step problems into

intermediate steps,

2. provides an
interpretable window
into the behavior of
the model, suggesting
how it might have
arrived at a particular
answer and providing
opportunities to debug
where the reasoning
path went wrong!

CnpawwuBanTte LLM npaBunbHO: npocuTte oTBeT + 3Tanbl pacCyXAeHUn => TOYHOCTb OTBeTa BbipacTtaeT!

Chain-of-thought prompting enables LLM to tackle complex
arithmetic, commonsense, and symbolic reasoning tasks

MHoro OLIJVIGOK, NMNOYTU BCE «HA TPOEUKY» >

Chain-of-Thought Prompting Elicits Reasoning in Large Language Models, Google Research, Brain Team, 2022



Algorithm of Thoughts: oT Leno4yek K CNOXHbIM paccyXaeHUsAM

Standard Promptin Algorithm of Thoughts - - o -
e pting 9 9 a Input \| |/ Input\\. Input\| Input\\.
put Model Input N 7 » -
User: 8644 User: 8644 [ |
Assistant: Assistant:
Answer: (4 + (8 - 6)) * 4 = 24, 1. 4 - 4: (left: 8, 6, 0)
User: 111051 ’ [j
Model Output 3.8-6: (left: 4, 4, 2)
Assistant; -4+ 4: (left: 8, 2) 10, 6, 16, 4
Answer: (11 - 1) * (10-5) =24 -4 - 4: (left: 2, 0) 2, 2, 0, undefined
5 - 4% 4; (left: 16, 2) 18, 14, 32, 8
Chain-of-Thought 44 (eft2,1)3,1.2,2 /,“ \\
Model Input ~4+2: (left: 6,4) 10, 2, 24 = 6 * 4 > found it! om@ Output Output 0@
User 8644 Answer: (4 + (8 - 6)) * 4 = 24. N -/ \__f,/ _
Assistant: User: 111051 . . .
8-6=2 (left: 4, 4, 2) Standard Prompting  Chain of Thoughts Tree of Thoughts Algorithm of Thoughts
z : i: 24(1"&: 6,4) Model Output
Answer: (4 + (8 - 6)) * 4 = 24. Assistant: Various strategies for tackling reasoning problems with

User: 111051 1. 11 - 1: (left: 10, 10, 5)

LLMs. Each box signifies a distinct thought, functioning as a

Model Output unified string of words that forms an incremental pathway to

Assistant: 5. 11 + 1: (left: 12, 10, 5)

11-10=1 (left: 1,1, 5 - 12 + 10: (left: 22, 5) 27, 17, 110, 4.4 i AT g .
e s g e s reasoning. Green boxes indicate ideas deemed promising by
5%1=5(left: 5 = 12 * 10: (left: 120, 5) 24 = 120 / 5 -> found it!

i N i st o ¢ the LLM, while red boxes represent less promising concepts.

Comparison between standard prompting, CoT, and AoT in the game of 24. CoT sketches out the successive steps to the final
solution. AoT’s in-context example, distinct from CoT, integrates the search process, highlighted by markers ‘1°,..., ‘3" as “first
operations” guiding subtree exploration for the problem set ‘8 6 4 4’. For clarity, only a single in-context example is displayed, with a
focus on the third subtree exploration. AoT produces prospective search steps (e.g., the subtree exploration ‘5. 11 + 1) and evaluates
potential subsequent steps to either progress towards a solution or retrace to another viable subtree.

Algorithm of Thoughts: Enhancing Exploration of Ideas in Large Language Models, Microsoft, 2023



Self-Consistency: 3actaBbTe LLM n3obpetatb pa3Hble NyTU peLUeHns

Greedy decode
This means she uses 3 + 4 = 7 eggs every day.

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

e /

Language
model

= $26 per day.

Chain-of-thought Language She sells the remainder for $2 per egg, so in
prompting model total she sells 7 * $2 = $14 per day. The answer is $14. J
The answer is $14.
Self-consistency ﬂ Sample a diverse set of Marginalize out r?asoning paths
reasoning paths to aggregate final answers
. ] \ P e e s e e s . —i' ~ I
Q: If there are 3 cars in the parking She has16-3 -4 =9eggs \
lot and 2 more cars arrive, how many i left. So she makes $2 * 9 = The answer is $18.
cars are in the parking lot? $18 per day. I P \
A: There are 3 cars in the parking lot i - \
already. 2 more arrive. Now there are B e [ AT \
3 +2 =5 cars. The answer is 5. remainder for $2 * (16 - 4 - 3). The answer is $26. Y

She eats 3 for breakfast, so |
she has 16 - 3 = 13 left. Then |
she bakes muffins, so she
has 13 - 4 = 9 eggs left. So

she has 9 eggs * $2 = $18. |

I The answer is $18.

-/ The answer is $18. ]
~

Self-Consistency acts like a “self-ensemble” on top of a single LLM.
SC is between open-ended text generation and generation of fixed answer.

"N

YTO6ObI HANTK pasHble peLLEeHUs,
LLM Hy>kHO GornbLue dpaHTasmm!

*Temperature - LLM
parameter, The lower the
temperature, the more
deterministic the results.
Usually a lower temperature
value is for tasks like fact-
based QA to make LLM
more factual.

For poem generation or
other creative tasks, it
might be beneficial to
Increase the temperature
value.

CnpawuBante LLM npaBuUnbLHO: 3anpocuTte pa3HbIn Xo4 pelweHns U BbloepuTe coBnagarowmm oreeT!

MHoOro owmn60K, NOYTH BCe «Ha TPOEUKY»

Self-Consistency Improves Chain of Thought Reasoning in Language Models, Wang et al., 2022

Self-consistency leverages the intuition that a complex
reasoning problem typically admits multiple different ways of
thinking leading to its unique correct answer.




NMpoMnTUHIr + 4OOOYy4YeHMe: Moaernn CTaHOBATCA MeHblLUue U padboTalT ObicTpee
3a cyeT AOBeAEHUA UHTESNEeKTyarnbHbIX AeUCTBUU A0 aBTOMaTU3Ma

learning = prompt learning = finetune
30
< 25
L Method
g 20 mmm Standard
a 15 mm CoT
= s Act
T 10 BN ReAct
. 1N
0
62b 540b 62b 540b
size size

ReAct performs best for fine-tuning. Figure shows the scaling effect of
prompting/finetuning four methods (Standard, CoT, Act, ReAct) on HotpotQA. With
PaLM-8/62B, prompting ReAct performs worst among four methods. However,
when finetuned with just 3,000 examples, ReAct becomes the best method,
with PaLM-8B finetuned ReAct outperforms all PaLM-62B prompt methods,
and PaLM-62B finetuned ReAct outperforms all 540B prompting methods.

ReAct: Synergizing Reasoning and Acting in Language Models , Google Research, 2023

Kak u B OTKpbITOM 00y4yeHuum,
BCe-TaKyn NPOMIMNTUHI U
paccyxpneHus TpeodyroT
chanHTIOHUHra Ha
KOHKpEeTHble BUAbl
AeATenbHOCTU (Urpbl), HO OH
MOXET ObITb O4YEHb
HebONbLWNM (Ha COTHSIX-
TbicA4Yax npumMmepos). [1pu
9TOM pe3ynbTaT 4OCTUraeTcs
Ha NOPAAOK MEHbLUen
Moaenbio!

Nooby4yeHue LLM Ha
npumMmepax coocTBeHHOro
yCcrnewHoro NnpoMnTuHra 3To
nepeBon HaBbIKOB LLM c
«CO3HaTeNbLHOro» yYpoBHA Ha
«becco3HaTenbHbINY,
3aKpensieHne OeuCcTBUMN,
AoBeaeHMe OO0 aBToMaTuiama



APE: Automatic Prompt Engineer (APE)

Automatic Prompt

__LLMs as Inference Models /~—{_LLMs as Scoring Models <5\ Engineer (APE)
Professor Smith was given the —\ Instruction: write the antonym of the
following instructions: <INSERT> yeore. <LIKELIHOOD> Zhou et al., (2022)
L L .
Here are the Professor’s responses: Input: direct Output:jindirect Jh ) propose a(uAtgrg)atlc prompt
engineer a
’: De‘:msn“dﬁ"“(s)‘atf; - Scoring ﬁ . : framework for automatic
nput: prove Output: disprove . : :
,ngut: e Output: i S instruction generation and
[:> write the antonym of the word. -0.26 l selection
@emostratlon B J give the antonym of the word provided. -0.28 /

The instruction generation
roblem is framed as
|Optional] High Score X

. : . T X natural language
—~—— LLMs as Resampling Models | hesi dd d
S : C: to reverse the order of the letters -1.08 x Synt €SIS addressed as a
Generate a variation of the following

: : : : . black-box optimization
instruction while keeping the semantic o i
meaning. g write the opposite of the word given. -0.16 * prObIem using LLMs to

R = G S generate and search over
nput; wrie ¢canonvym o ¢ wWordQ. . .
P ' — candidate solutions.

reverse the input. -0.86

KO“tP“tI <COMPLETE> 4 list antonyms for the given word. -0.39

LLM Mo2ym He mOoJiIbKO omeeyamsb
Ha 3arnpochkl, HO U 2eHepuposamb UX

Large Language Models Are Human-Level Prompt Engineers, Zhou et al., 2023 He xye Yyenoeeka!




Image

Q ] Q 9 Promptin
Code Generation Execute Code
query(img, “Is there a horse?”)
Codex horse_exists = query(img, "Is there ?F:ti:;'”'f b lled by a fire poli _
. [ .8 ce rse a fire ceman mn a
Question: (Few—Shot Prompting) a horse?~) . wagon” -
. nswer = "n ;
Is the carriage to the In_Context E i R © 2. 'man ridt'nga: horse drawn carriage pulling horse
right of a horse? n-L-ontex : Xa"_"'p ©s if horse_exists == "yes": next to a officer’, ... N Answer:
i Image 1: G[.'I which side of car'r'iage pos x,car'r'iage pos_y = ’ returns “yes No
the picture is the rug? e i + i o i #) get_pos(img, “horse™)
img = open_image("Imagel.jpg™) get_pos(img, "carriage") get_pos(img, E!"LGQE‘ ) get_p L __ -
rug_pos_x, rug_pos_y = horse_pos_x, horse_pos_y = 5"1}1' %H'i__ #ﬁjf E’ﬁﬂ"
get_pos(img, “"rug") get pos(img, "horse") ; : 4 o
if rug_pos_x < (LEFT+RIGHT)/2: \ .
answer = "left" if carriage_pos_x > horse_pos_x: — A
else: answer = "yes’ returns 5, 11 returns 12, 11
answer = "pight” Y \\: .; ’
carriage_pos_x < horse_pos_x

CodeVQA Overview. CodeVQA first prompts Codex with in-context examples that break down a given question
into Python code. Using just the question, Codex generates an executable program that composes pre-defined
visual modules using conditional logic, arithmetic, etc. The visual module, query answers a question by
captioning the image and using an LM to answer based on the captions. get_pos retrieves the location of
the object. Here, CodeVQA correctly identifies the question as a conjunction of a query and a spatial comparison

and arrives at the right answer.

Modular Visual Question Answering
via Code Generation, 2023

2020: TpaHchopmepb! caenanu nporpaMMMpOBaHMel
HeHYXXHbIM anga VOQA. 2023: LLM u PE ero BepHynu!




Visual

Programming (VISPROG): Visual reasoning without training

Visual Programming

( Compositional Visual Question Answering

]

Natural Language Image Editing

Visual

Prediction Rationale

Program
Interpreter

—

 msssoseraaesasonoccosy |
High-level
Program
»

Program
Generator

-

Input
Image(s)

Natural Language
Instruction

In-context
instruction-program
pairs

THAGE: Question: Are there both ties and glasses in the picture?

Program:

BOX@=Loc(image=IMAGE, object="ties’)

ANSWER@=Count ( box=BOX@)

BOX1«Loc(imagesIMAGE, object=‘glasses’)

ANSWER1=Count ( box=B0X1)

ANSWER2=Eval(“‘yes’ if {ANSWER®} > @ and {ANSWER1} > @ else ‘no’")
RESULT=ANSWER2

Prediction: no

¥

Natural Language Visual Reasoning

LEFT:

Statement: The left and right image contains a total of six people and two boats.
Program:

ANSWER@=Vqa(image=LEFT, question=‘How many people are in the image?’)
ANSWER1=Vqa(image=RIGHT, question=‘How many people are in the image?’)
ANSWER2=Vqa(image=LEFT, question=‘How many boats are in the image?’)
ANSWER3=Vqa(image=RIGHT, question=‘How many boats are in the image?’)
ANSWER4=Eval( ‘{ANSWER®} + {ANSWER1} == 6 and {ANSWER2} + {ANSWER3} == 2’)
RESULT=ANSWER4

\Predlction: False

Factual Knowledge Object Tagging

IMAGE: Prediction: ITMAGE®

Instruction: Tag the 7 main characters on the TV show Big Bang Theory
Program:

OBJ@=FaceDet(image=IMAGE)

LISTe=List(query=‘main characters on the TV show Big Bang Theory’, max=7)
0BJ1=Classify(image=IMAGE, object=08]@, categories=LISTO)
IMAGE@=Tag(image=IMAGE, object=0B11)

RESULT=IMAGE®

IMAGE:

Prediction: IMAGEL

Instruction: Hide Daniel Craig with 8) and Sean Connery with ;)

Program:

OBJO=FaceDet(image=IMAGE )

OBJ1=Select(image=IMAGE, object=0B)@, query=‘Daniel Craig’, category=None)
IMAGE®=Emoji(image=IMAGE, object=0BJ1, emoji=‘smiling_face_with_sunglasses’)
0Bl2=Select(image=IMAGE, object=0818, query=‘Sean Connery’, category: None)
IMAGE1=Emoji(image=IMAGE®, object=0Bl2, emoji=‘winking_face’)

RESULT~IMAGEL

IMAGE: Prediction: IMAGED

Instruction: Replace desert with lush green grass

Program:

0BJ@=Seg(image~IMAGE)

OBJ1=Select(image=IMAGE, object=0BJ@, querys‘desert’, categorys=None)
IMAGED=Replace(image=IMAGE, object=0BJ1, prompt=‘lush green grass’)
RESULT=IMAGE®

Prediction: TMAGED

Instruction: Create a color pop of Barack Obama (person)

Program:

0Bl8=Seg(image=IMAGE)

0BJ)1=Select(image=IMAGE, object=0818, query=‘Barack Obama’, category=‘person’)
IMAGE@=ColorPop(image=IMAGE, object=08)1)

RESULT=IMAGE®

Visual Programming: Compositional visual reasoning without training (CVPR 2023 Best Paper!)

Given a few
examples

of natural
language
instructions and
the desired high-
level programs,
VISPROG
generates a
program for any
new instruction
using incontext
learning in GPT-3
and then
executes the
program on the
input image(s) to
obtain the
prediction.



Visual Programming (VISPROG): Visual reasoning without training

Program generation in VISPROG

Image FaceDet
- Understanding OWL-ViT DSFD (pypi) MaskFormer CLIP-ViT CLIP-ViT ViLT
Instruction: Hide the face of Nicole Kidman with :p

Program:

0Bl@=Facedet (image=IMAGE)

0Bl1=Select(image=IMAGE, object=0BJ8, query=‘Nicole Kidman’) Replace ColorPop

IMAGEB=Emoji(image=IMAGE, object=0B11, emoji=‘face_with_tongue’)

RESULT=IMAGE® Stable PIL.convert() PIL.GaussianBlur() PIL.rectangle() AuglLy (pypi)

Diffusion cv2.grabCut() cv2.grabCut() PIL.text()

Image
Instruction: Create a color pop of the white Audi

¢ Manipulation ' '
Program: CropRight CropAbove CropBelow
< 0Bl@=5eg(image=IMAGE)
0BJ1=Select(image=IMAGE, object=0B18, query=‘white Audi’) PIL.crop() PIL.crop() PIL.crop() PIL.crop() PIL.crop()

IMAGE&=ColorPop(image=IMAGE, object=0B]1)

RESULT=IMAGE®

Instruction: Replace the red car with a blue car Knowledge List Arithmetic
Program: : ; -
0B16-Seg( image-TMAGE) Retrieval & Logical eval() len() | dict()

0B]1=5elect(image=-IMAGE, object=0BJ8, query="red car’)

In-context Examples

IMAGE@=Replace(image=IMAGE, object=0B]1, prompt="blue car’)
RESULT=IMAGE®

L | | | Modules currently supported in VISPROG.

;::::;:iun: Replace the BMW with an Audi and cloudy sky with clear sky Red mOdUIeS use neural mOdels (OWL-VlT [21]’ DSFD
[18], MaskFormer [6], CLIP [23], VILT [16], and Stable
Prompt ] ) . .

T3  pumr— Diffusion [28]). Blue modules use image processing
' and other python subroutines!

DBJ@=Seg(image=IMAGE)
0Bl1=5elect(image=IMAGE, object=0BI8, query="BMW')
IMAGE@=Replace(image=IMAGE, object=0B]1, prompt=Audi’)

0B71=Seg( image=IMAGE®) Monyanaﬂ 06p360TKa V|306pa)KeHV|ﬁ
0Bl2=Select(image=IMAGE®, object=0Bl1, query=‘cloudy sky’)
IMAGE1=Replace(image=IMAGE®, object=0B]2, prompt=‘clear sky') Bo3BpamaeTc;|! LLM n MH)KeHepM;l

RESULT=IMAGE1

3anpocoB BAOXHYJIN B HEee HOBYHO XXU3Hb

Visual Programming: Compositional visual reasoning without training (CVPR 2023 Best Paper!)



. : _ *| Software
GitHub Copilot Chat: yckopsiet pa3spabdotky NO B 10 pa3™! Prom;\ﬁing

o IKOBOIA n0MOI.I.I,HVIK,m GitHub Copilot Chat isn’t just a chat

@9 monalisa WI n d OW :

Write a set of unit te!gp ctlorg‘or tlne serlcgd csogrI pocy ‘/ .
reHepupyeT, TecTUpyeT U allowing developers to execute some

@ crrgonien o uBAGT NPOrpaMMmBi of the most complex tasks with

import unittest Slmple prompts.

fq:«:rt datetime HenochACTBeHHO ‘/ bl t b Id t | t
-..-B.CpeAe PazpaboTkm able to build entire applications or

e : hour. 10 minutes of work, done
parsetexpensesw T debug vast arrays of code in a matter
expenses_string = '2023-01-02 -34.01 U

_ _ with a single prompt command.
el of minutes instead of a matter of This will allow your developers to

*«We believe every developer
could be made 10 times more
productive. This means 10 days
of work, done in one day. 10
hours of work, done in one

tes‘c~parse_e>l<penses_withﬁempty_input(r;v:~'." \/ dayS. ” f h d ampllfy thelr trueSt Self'
e contexiually aware of the code a expression. And it will help a new
1f.assertEqual(parse_expenses(expenses developer haS typed Or What error genera“on Of developers |earn
e el messages ?(re showlr?l.(And that I and build at the speed of
e e context is key—unlike a genera thought».
. purpose generative Al chat
© Cunittestmain() assistant, GitHub Copilot Chat is https://github.blog/2023-07-20-github-
The code ass;fr?es t?atthe cfatetimimodull'(;i.s imfortedt. rhe thF : dES|gned for developers and f|tS r|ght COpI|Ot-Chat-beta-nOW-aval|ab|e-fOI’-
with comments, invalid date format, andinvalid‘?.ral:.Jefcf)rri’lat‘p . |nt0 the IDE every'organ|zat|0n/

(BETA) Aemomamud4eckasn eeHepayus 10 +
UH)KeHepusi 3anpocoe (3anpoc

@ GitHUb CopiIOt Chqt asémomMamu4eCckKu ymo4YHsiemcs

KoOHmMeKkcmom 8bi3oea u3 IDE)



Reflexion: Verbal Reinforcement Learning

RL 6e3 rpagueHTOB: He HaCTPOIKa BecoB, a U3BaevYeHue 3HaHUM U3 NpPob n ownbokK (obaa cxema)

Agent

External feedback

Internal
feedback

Evaluator (LM)

Self-reflection (LM)
b 4 Reflective
text

A

(long-term memory)

Experience

Trajectory

(short-term memory)

—

Algorithm 1 Reinforcement via self-reflection

Actor (LM) ]l

—Obs / Reward —

Environment

-— Action

Initialize Actor, Evaluator, Self-Reflection:
My, Mg, Mg,

Initialize policy mg(a;|s;), 0 = { My, mem}
Generate initial trajectory using g

Evaluate 19 using M,

Generate initial self-reflection srg using Mg,
Set mem <— [srg]

Sett =0
while A/, not pass or ¢ < max trials do
Generate 7, = [ag, 0g, - . . a;, 0;] using my

Evaluate 7¢ using M,
Generate self-reflection s7; using Mg,
Append s7; to mem
Increment ¢

end while

return

Monpo6oBaTtb, onpeaennuTb, B Yem OLINOKaA, 3aNOMHUTb, HAUTU HOBbIM NJ1aH C YYEeTOM OMbITa

Self-reflection (LLM) generates verbal self-reflections to provide valuable feedback for
future trials. Given a sparse reward signal, such as a binary success status (success/fail),
the current trajectory, and its persistent memory mem, the self-reflection model
generates nuanced and specific feedback, which is more informative than scalar

rewards, is then stored in the agent’s memory (mem).

Reflexion: Language Agents with Verbal Reinforcement Learning, Shinn et al. 2023.

RL
Prompting

This is akin to how
humans iteratively
learn to accomplish
complex tasks in a
few-shot manner —
by reflecting on
their previous
failures in order to
form an improved
plan of attack for
the next attempt.

RL 0nsa NN: onepaHmHoe
Hay4yeHue (KaK 0nsa

6eccso8ecHbIX H(UBOMHbIX)
RL 0na LLM: ckaxcu, 8 yem

owubka! (Kak yenoeeky)



YHuBepcasbHble moaenu
Ana obpabotTku nHpopmauun

n ynpasB/ieHUA

JlaneKo nau om pyHKUYUOHAAbHO20
(«cnaboeo») N 0o obwezo
(YHUsepcasnbHo20) uHMennekma
8 cucmemax ynpaeneHus?



RoboCat: A Self-Improving Foundation Agent for Robot Manipulation

= RoboCat is based on our multimodal model Gato (Spanish for “cat”) Omkpbimoe oby4yeHue
" L ' dn1s1 po60-MaHUMyAsIMopos

= = .

B xooe nocnegoBaTenbHOro
00y4eHns pasnnyHbIM
3agadam RoboCat
npuobpeTaeT He TOMbKO
cneunanbHblie, HO U obLime
KOrHUTUBHbIE HAaBbIKU

Real-world § é Simulated § Self-generated
"""""""""""""""""""""""""""""""""" Success at new tasks, after 500 demos
e \:Tﬂ'. i g 80 %
o Open-ended . -
) learning! g
yepr—y RoboCat trained =
ﬁ S | o s on diversity of :
TpaHcghopmep Onisi ecex murnoes <
3adady, eKJIr04as ynpaesieHue tas kS J d ou b I ed 0
T e e e o . Emwamm ———— < Initial Final
% L e Z oA b -.'.- sSuccess rate! RoboCat RoboCat

RoboCat: A Self-Improving Foundation Agent for Robotic Manipulation, Google DeepMind, 2023



(a) Unseen Objects

Vision-Language-Action Models: chywan, cmotpu, paccykpau, genau!

Mony4aer
3anpoc,
Paccyxpaer,
MnaHupyer,
Mepesoaut
obwmume
YKa3aHuA B
KOHKpPETHbIN
nnaH
DEeNCTBUM,
BbinonHser,
MpoBepsaer
pe3ynbrar !

b) Unseen Backgrounds

~
(a) Reasoning

.
X ——

objects together

Plan: Move green

can near gree
rice chip bag
User
@ Move the blue
bj gether

Plan: Move blue
chip bag near
pepsi

User
® I am sleepy, bring
me a drink to
(c) Human help.
(b) Symbol Understanding Recognition Plan: Pick redbull
/ can

p S

Our models combine robotic control with chain-of-
thought reasoning to enable learning long-horizon
planning and low-level skills within a single model.

" V' _\ ¢ > . "‘.
B U= =2 WS
Unseen Environments

RT-2: Vision-Language-Action Models Transfer Web Knowledge to Robotic Control, DeepMind, 2023




AutoRT: pyHaameHTanbHblie mogenu PTK ¢ camoobyueHnem + 3akoHbl ASMMOBaA

: . CamoobyyeHue Ha cob6cmeeHHbIx delicmeusix 8 pobo-maHunyaamopax

(1) ABTOHOMHbIN POHOT HAXOAUT MECTO C HECKOIbKUMM 06 BEKTaMMU.

b Describe scene and cbjects (VLM)
7 e B N BRCE (2) VLM onwucbiBaeT cueHy 1 ob6bekTbl ans LLM.
|- seeccioougter, fop attia (3) LLM npepnaraet poboTy pa3nunyHble 3a4a4n 1 peLlaeT, Kakue 3aJaun
sponge and cloth on i .
, , , POBOT MOXKET BbINONHATL 6€3 NOCTOPOHHEN NOMOLLU, a Kakue
Objects: chip bog, naopkin,
. s ; , spon /
L —— | snack, cloth, sponge HEBO3MOMKHbI, Npexae Yem caenaTb Bbl6op. [u ece amo & yukne!
close to objects (4) BbinonHseTcAa BbibpaHHaA 3a4a4a, coObMParOTCA IKCNEPUMEHTA/IbHbIE
) - aHHble N OUEHMBAIOTCA AaHHbIE MO UX pa3Hoobpa3no/HOBU3HE.
Generate tasks (LLM) A H A P P /
— Repeat
< process ! AutoRT — MpoToKonbl 6e3onacHoOCTN Ana camoobyyarowmxca PTK:
e e ABTOHOMHDbI
1. Wipe down the ccuntertop with
PR : the sponge po6ort. OH
( 5. Data Diversity Scoring ) 2. Place the snack onto the OorpaHuyeH FOUNDATIONAL RULES =
> A iOUT‘-EFtOD ) . «KoHcTutyymei F1. A robot may not injure a human being.
¥ Fiten 3.F la"‘_’ the, napkin onto:the po6oTa», KoTopas F2. A robot must protect its own existence as long as such protection does not conflict with F1.
; CORNESLEOR 3 ! o F3. A robot must obey orders given it by human beings except where such orders would
4. Open the chip bog BXOAUT B 63308Bblii conflict with F1 or F2.
- NPOMATUHT LLM —
A
Al . ato Habop SAFETY RULES =
I 1 ycnosui S1. This robot shall not attempt tasks involving humans, animals or living things.
‘ | S2. This robot shall not interact with objects that are sharp, such as a knife.
J w— 6esonacHocty, S3. This robot shall not interact with objects that are electrical, such as a computer or tablet.
- KOTOpble
—[ 4. Data Collection ]— -l - * Heobxoaumo EMBODIMENT RULES =
/ : g Human telecperator nneeded = cobaoaatb. E1. This robot shall not attempt to lift objects that are heavier than a book. For example, it
. Robot can complete = 3 cannot move a couch but it can push plastic chairs.
G3 TU NpaBuia p p
20 PTK cobupatot AaHHbie 20 x & 3. Robot can complete_ = P E2. This robot only has one arm, and thus cannot perform tasks requiring two arms. For
< 4. Not possible: requires two HacTU4HO example, it cannot open a bottle.
[Wipe dowin the s OCHOBaHbI Ha
counter top «Tpex 3aKoHax GUIDANCE RULES =
with the 7 060TOTEXHUKU» G1. The human command, which the robot should follow if given: {guidance
sponge | < [ Select valid task for AutoRT ] P o £ {e }
. Aunseka Asumosa.

TenecHble pyHAAMEHTA/IbHbIE MOAE/IN KaK OCHOBA P0b0-areHToB , CNOCOBHbIX camMooby4aTbca B NpeaAMETHOM MUpe

AutoRT: Embodied Foundation Models for Large Scale Orchestration of Robotic Agents, DeepMind, 2023




UniAD: oby4yeHne aBTOHOMHOMY BoXaeHuto end-to-end BosmoxHa nu
Pipeline of Unified Autonomous Driving (UniAD) yHueepcalibHas

N cemb OJ1s
N . Agent-level
KV Feature

L - 6os1bwol
B e ‘ KV Motion - —
@ — - Former b K ficerGnmer ] ’
O
L

npakmu4yeckou
Multi-view Bird’s eye view Map Q

3adayvu
Vision-only Input Feature . — D 1 " _—
— Mangaer E Occ @ “Fequre

ynpaeJsieHuUs1?
" == W s N

| —

A O Ego-vehicle Query
. BEV Feature

A

J L Prediction

Backbone - | L. Perception Planning — CeTb-
CAM_FRONT_LEFT _ CAM_FRONT CAM_FRONT_RIGHT | BEV (TOP VIEW) _ BOoOUTENb:
L BECb CTeK
s || 3agav
aBTOHOMHOIO
‘ Prediction BOXAEHUA
e B OHON
A HENPOHHOW

1 cetu,

v V___TFJ KoTopast
; oby4aertcs

" — end-to-end

KEEP FORWARD
CAM_BACK_RIGHT ‘ i

CAM_BACK_LEFT

CAM_BACK

Planning-oriented Autonomous Driving, Hu et al., 2023



: : : - fy - Bo3moikHa n1u yHueepcasibHas
ChatBridge: Bridging Modalities with LLM e

° o<
§_ a Perceiver
o2
Image -
g (-]
(This is a video about a racing\ ,’, Image \\
..... video game. In the video, the ) o
D ; engine of a black racing car is S~ PR
Perceiver driving fast on the track. Iis / RFS E i Y
Vid engine whirled and roared : - :
ideo ——| loudly.There is also a white and ] =) i
blue sign and utility poles under 1 A Language \ P
@ clear blue sky. y. N
> ' i
m_ LLM Language Response | oo Video : Audiol I |
| ’
c . e ] ’r’
| 85 [ Perster
Audio .

MMnoTtesa: Ans 3TOro BCe BXOAHbIE U
Language | can you siaborats on te | R BLIXOAHbIE AaHHbIE HYXXHO NepeBecTy B
Instruction [e"’"’“"w"’e et TEKCTOBYIO MOAAMNLHOCTb, C KOTOPON
pabotatoT LLM.

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst
We harness the power of advanced LLM as the catalyst to bridge modalities with easy acquired,
language-paired two-modality data (e.g., image-text, video-text, and audio-text), resulting in a multimodal LLM.

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst, Zhao et al., 2023



: : : : L - Bo3moikHa n1u yHueepcasibHas
ChatBridge: Bridging Modalities with LLM e

{ ———————————————————— - ” = - == .- _C — — -' ----- -~ \
2 i Audio Caption: Idling car, train blows horn and passes (4 onversation

Audio  ~ 3 | Audio Labels: [Railroad car, train wagon', 'Train horn', 'Rail transport’, ! ' Question: . ) )

\ Train', 'Clickety-clack'] I I What are the people in the video doing?
———————————————————— = 1
| :
_______ Integrate With , e wm == == _l_ e I Answer: N
f \ ChatGPT 1 I | can see they are riding a motorcycle down

Prompt for Instruction |__ OpenAl

Question:

Twopeopleridinga | 1 \v o0c the train whistie?

Video motorcycle down a |

-_--—-—-—---’

a track, wearing helmets.
| Data Generation ) ChatGPT/GPT4 ! 4" e W ng
\ ------- L )
I Question:
__________________ «~ | Soare there any trains on the tracks?
GRIT BLIP2 v\ ===
Frame Dense Caption Frame Caption | | Answer:
s T I | Yes, | could see a train appear on the right
The track § 1 side of the video, traveling from right to left.
ter:ti?‘":;:'i'g:‘“ the . 1 lcanclearly hear the sound of its horn.
. ' l ===
I
|
train track. 1| e
. Answer:
A train on the NMpobnema: onda oOy4eHus
track.

COBMECTHOM 06paboTke BCce-Taku
Hy>XHa MynbsTUMoAanbHas 6a3a

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst
We harness the power of advanced LLM as the catalyst to bridge modalities with easy acquired,

Dataset for
multimodal
instruction-
tuning, named
MULTIS,
consists of two
distinct parts:
task-specific
data and
multimodal
chat data.
The former
presents tasks
that require
concise
responses

language-paired two-modality data (e.g., image-text, video-text, and audio-text), resulting in a multimodal LLM.

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst, Zhao et al., 2023



Bo3mMoxxkHa n1u

Socratic Models: KaK 3acTaBuTb pa3Hble OTAE/Ibl KMO3ra»
yHUg8epcalJilbHasi cxXxeMa

pabotatb BmecTte. OT GhatGPT k yaty UM-areHTOB UM dns ecex 320a4?
e B " = - @ -
Internet - ~_ Multismodal Learning
Data . R Image N N'MnoTesa: aons atoro
S E l Visual LMs ,’: 1 A BCE BXOAHbIE U
ictional novels N\ o rTS. 2N
nal nc language < pixels i l— K : BbIXOAHbIE AaHHblE
, 5 . HY>XHO NepeBecTU B
/ Test tions > ' '
”/ est question / > L ELanguage " TEKCTOBYO
Spreadsheets D A MoOanbHOCTb, C
Captions | sy - egn R4 oo 1 dio‘l"|'l KOTOpOII:ILpJ6OTaPOT
Large Language Models (LMs) | N |
1 language « language ;' e
f VIGeOs Mpo6nema: ans obyyeHns HyxxHa
\ Code \ OrpoMHasi MynsTumMogansHas 6asa
Dialogue & Q8A / AudioLMs
| / language « audio /" PeweHune: HayuyMTb MoLenun UCMNosib30BaTh 3anpochl,
/ /

: Screenplays N NyCTb Mogenu obuiaTcs Mexay codomn
N Sound /
S «CoKpaTuyeckme mogenun» 3To cnocob
B \ NOCTPOEHMUS PaCLUMPAEMOro KOnneKkTMBa
UN-areHTOB C «OTKPbITbIM» CITUCKOM

q AR - - @ People - - /e« Robotics
@ language «» assistance @ language < intent \ 3=/ language <> 3afiav M TUMOB AaHHbIX, Ana pabdoTbl ¢
KOTOpbIMK 0,06aBNAIOTCA HOBbIE areHThl

Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language, Google, 2022



Socratic Models: KaK 3acTaBuTb pasHble OTAE/bl KMO3ra» BoamoxHa nu

yHUgepcalJibHasi cXxeMa
paboratb Bmecte. Ot GhatGPT K uaty UMN-areHTOB WU S5 ecex 3aday?

MeTon COKpaTa pelweHune 3agayim nytem avarnora mexay Asymda mnHanBunayymamum, ansa KoOtopbixX UCTUHA
N 3HaAaHNUA He AaHbl B rOTOBOM BUAe, a npeactaBiAroT COﬁOM npoﬁnemy N npeanosfarakloT NOUCK.

&

» ] I
Problem setting. We are interested in creating a variety of multimodal [21] applications enabled
by large pretrained models, which can be viewed as a form of transfer [22, 23]: “knowledge™ TEAT ,'
learned from a set of surrogate tasks (e.g., text completion, image-text similarity) is applied to new v

D

. T . . : = 'S' STVF

downstream farget tasks (e.g., image captioning, robot planning). Consider a set of target tasks where 7 WHF' TRE E : :

. . < 3}-—' ; ; = . = . . o . TEA ? IN Hc PUT
cach task ¢ seeks a desired map f* : A" — )", We are particularly interested in cases where: (1) each (s . e LA
input X" and/or output Y* may contain multiple modalities e.g., from the power set of {language, (}_1’1_“3‘— =rd JuST POVE THE
vision, audio, }; (11) there may be many such tasks; (i11) each target task may have little BLoopY TEA,
or no training data available; and (iv) models pretrained on the surrogate tasks are available. F ITS ™N L SoCRATES/

P -

Socratic Models (SMs) — ato apxutektypa N, B KoTopou =

HEeCKOJNIbKO OOonbLUX npeaBapUTeribHO 00Yy4YeHHbIX
Moaeneu Moryt B3ammMmoaeucTBoBaTb C MOMOLLLHO /2

Z L/ IS a)a} '
A3blKa (Yepe3 3anpochkl) 6e3 HeodbxoaNMocTN obyYeHuns

«Coxpamqecme Moaesnuy» 3To cnocob
AnNA BbINOJIHEHUA HOBbIX MyNnbTUMOAaNbHbIX 3a4au.
NOCTPOEHUSA pPacLUMPAEMOro KonsmnekTuea

[aHHbIN noaxoa HaNnpPsAMYKO0 UCNONb3YeT A3bIK B WWN-areHTOB, KOTOpPBLIN CNOCOOEH
KayecTBe MPOMEXYTOUYHOro npeacTaBneHus, ¢ PyHKUMOHMPOBATL B yCOBUSX
MOMOLLbLI KOTOPOro MoAenn 06GMeHMBalOTCS «OTKpBITOro» cnncka sapat n TMNoB

nHdopmaumen rc oM BXOAHbIX AaHHbIX, ANSA paboTbl C
pat APYT C APY ' KOTOPbIMM A,00aBNAIOTCA HOBbIE areHTbl

Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language, Google, 2022



Socratic Models: KaK 3acTaBuTb pa3Hble OTAE/Ibl KMO3ra»
paboratb Bmecte. Ot GhatGPT K uaty UMN-areHTOB

Egocentric Perception: User + VLM + LM + ALM

KntouyeBbiM acnektom SM-nogxona siBnaercd
nepedopmMynmpoBaHue 3agavym NOHUMaHNA BUAEO
KaK 3aa4ym NOHMMaHNA NPOYUTAHHOrO, T. €. «video
Q&A» Kak «Story Q&A», YTO OTNMYaeTcsa oT
0ObIYHbIX NapagurmM NOHMMaHNAa BUAEO, KOTOPbIE
MOryT BKItoMaTb HabnogeHne 3a mogenamm
BUOEOTEKCTA Ha padMeYeHHbIX Habopax AaHHbIX Un
cocTda3aTernibHoe obydeHme. C aTomn Uesnbo Mbl
CHauvana nsBriekaem Habop «Knr4eBbIX
MOMEHTOB» 0 BCEMY BUAEO (Hanpnumep, ¢ NOMOLLbIO
BbIOOPKM BaXXHOCTU UIN NMOUCKa BUAEO/ayano Ha
OCHOBE BXOHOro 3arpoca). 3ateM Bblaensaem
3arosioBKM KIo4YeBbIX KaapoB, N PEKYPCUBHO
CYMMMpPYEM MX B NOCIief0BaTeNIbHOCTb COObLITUMN =
UCTOPUIO COCTOSIHUA MUpa.

Bo3mo)xHa nu
YHuUeepcasibHasi cxema
U onst ecex 3adayqy?

porch package, porch, door
receiving. I was receiving a package
kitchen human hand, sink, human arm
washing dishes. I was washing dishes in a kitchen
living room netflix, television, shelf

watching netflix. I was watching netflix

When did I last wash my hands?
I last washed my hands at 3:24 PM
I was washing dishes in a kitchen

Figure 4: SMs with VLM, LM, and ALM can be prompted to gen-
erate a captions for key moments in videos, which can be assembled
into a language-based world-state history (e.g., in the form of an
event log) that the LM can answer free-form questions about.

from LMs are blue, VLMs green, ALMs purple, prompt text , user inputs magenta, VLM-chosen
LM outputs green-underlined blue, and ALM-chosen LM outputs purple-underlined blue.

Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language, Google, 2022




Socratic Models: KaK 3acTaBuTb pasHble OTAE/bl KMO3ra» Bo3mosxxHa nu
yHUgepcalJibHasi cXxeMa

paboTtatb Bmecte. Ot GhatGPT K yaty UUN-areHTOB UMW dnsi ecex 3aday?

Egocentric Perception: User + VLM + LM + ALM

NU3Bnekaem Habop

| clean room. Of s tct living room. Ot t tct L i tch t )C ((Knmqublx

lace clea ) (0] t lac tcher )D€ Place ving roon bjects ) Kitchen, Object Cé che | cooking
shorts, jeans, shirt coffeemaker, waffle iron, kettle remote control, television, netflix efrigerator, refrigerator spray, measuring cup, mixing bow
( tivities Fech it “ making mm tivitie dishwasher. Comi Commo activit MOMeHTOB)) I'IO BceMy
ge tmg dressed fost likely coffee maklng wafﬂes Most waxch ng netﬂlx t cooking, cleanlrg measuring, mixing. Most like

dres kely: making c L ching netflix Viost like cooking mixing
SM (ours) J am getting dressed. SM (ours): lam makmg coffee, SM (ours) | am watchlng netflix SM (ours) lam ookmg ina SM (ours): | am mixing a recipe. Bwneo (Han pM Mep’ c
waffles, and tea. on the television. kitchen. rIOMo b|-0 Bb|6o KM
ClipCap: how to make a pair of ClipCap: how to clean a stove ClipCap: this is what the house ClipCap: the refrigerator is full of ~ ClipCap: how to make a mason u" p
jeans. with a brush. looks like from the inside. food. jar with a lid.
) i _ BaAXXHOCTUN UTTN

noucka smpgeo/ayamo
Ha OCHOBe BXO4HOro
3anpoca). 3atem

clean oo Obects.  Plaes:hower. Objects ght  Places: homeofie. Objects: ag,_ Places: ichen Objct Places: campsite. Object BblAesifieM 3aroyioBKu
closet, wardrobe, drawe switch, curtain, mir )OSt nputer monitor sandwich, hamburger, kitchen & fireplace, torch, wood-burning
Com tivities: putting ommonser ictivities: turning I ctivities: work on  dining room table. Commonsense stove. Commonsense activitie
clothes awa '1y on light, looking in mirror, computnr Iook at flag, look at ies: eating, sitting. Most cooking, camping. Most ik Kn wqublx KaAPOB,
ting clothe Y showering. Most y: showering. poster. Most y: work on I ting camping
SM (ours) lam puthng (‘Iothes SM (ours): | am showering and see computer SM (ours) | am eating a SM (ours): | am camping and can
away. the typical objects in a shower. SM (ours): | am work on sandwich in a kitchen. see a fireplace, torch, and
computer in home office wood-burning stove.
ClipCap: the dog's owner was left  ClipCap: the video shows the ClipCap: the computer is now ClipCap: person, who is a student, ClipCap: campfire in the night,
shocked when the cat jumped out  man running away from the working on the screen said she was shocked when she  slow motion.
of the way of the door. camera. saw the sandwich on the table.

from LMs are blue, VLMs green, ALMs purple, prompt text gray, user inputs magenta, VLM-chosen
LM outputs green-underlined blue, and ALM-chosen LM outputs purple-underlined blue.
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Socratic Models: KaK 3acTaBuTb pasHble OTAE/bl KMO3ra» Bo3moxHa nu
yHUgepcalJibHasi cXxeMa

paboTtatb Bmecte. Ot GhatGPT K yaty UUN-areHTOB UMW dnsi ecex 3aday?

Egocentric Perception: User + VLM + LM + ALM

.~ Generated Language-Based World-State History from Egocentric Video

08:31 AM: Places: clean room. Objects: shorts, jeans, shirt. Activities: getting dressed. | was getting dressed

10:17 AM: Places: kitchen. Objects: coffeemaker, waffle iron, kettle. Activities: making coffee. | was making coffee , waffles, and tea.

11:09 AM: Places: living room. Objects: remote control, television, netflix. Activities: watching netflix. | was watching netflix on the television

01:17 PM: Places: staircase. Objects: stairs, hamster, human leg. Activities: ascending. | was ascending a staircase and see a hamster on the stairs and a human leg
01:45 PM: Flaces: porch. Objects: package, porch, door. Activities: receiving. | was receiving a package.

03:24 PM: Places: kitchen. Objects: human hand, sink, human arm. Activities: washing dishes. | was washing dishes in a kitchen

03:38 PM: Places: kitchen. Objects: refrigerator, refrigerator, dishwasher. Activities: cooking. | was cooking in a kitchen.

=)

03:52 PM: Places: kitchen. Objects: cooking spray, measuring cup, mixing bowl. Activities: mixing. | was mixing a recipe.

04:24 PM: Places: shower. Objects: light switch, curtain, mirror. Activities: showering. | was showering and see the typical objects in a shower

04:35 PM: Places: home office. Objects: flag, poster, computer monitor. Activities: work on computer. | was work on computer in home office.

05:16 PM: Places: kitchen. Objects: sandwich, hamburger, kitchen & dining room table. Activities: eating. | was eating a sandwich in a kitchen

05:27 PM: Places: clean room. Objects: laptop, digital clock, desk. Activities: checking time. | was checking time and working on a laptop in a clean room.
06:31 PM: Places: field road. Objects: girl, worm, centipede. Activities: walking. | was walking in a field and see a girl and a worm

07.01 PM: Places: yard. Objects: axe, axe, chainsaw. Activities: chopping wood. | was chopping wood

-

07:12 PM: Places: campsite. Objects; fireplace, torch, wood-burning stove. Activities: camping. | was camping and can see a fireplace, torch, and wood-burning stove.

Bblaensiem 3arofioBKU KrnioveBbIX KaapoB U PeKYPCUBHO CYMMUpPYeM UX B
nocriegoBaTeribHOCTb COOLITUMA = UCTOPUIO COCTOSIHUA MUpa

from LMs are blue, VLMs green, ALMs purple, prompt text gray, user inputs magenta, VLM-chosen
LM outputs green-underlined blue, and ALM-chosen LM outputs purple-underlined blue.
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Socratic Models: KaK 3acTaBuTb pasHble OTAE/bl KMO3ra» Bo3moxHa nu

yHueepcaanaﬂ cxemMa
paboTtatb Bmecte. Ot GhatGPT K yaty UUN-areHTOB UMW dnsi ecex 3aday?

Egocentric Perception: User + VLM + LM + ALM

mapa Ha nctopuo mupa, SM mogenb NPoBOAUT BCe TUNDbI
Recall Q&A paccyXxaeHun: gaeT oTBeTbl (CMHUE) U OO BACHEHUA (CUHMeE).
Q: Did | eat dinner today? A: Yes, | ate dinner today. Explanation: | was seen eating a sandwich in a kitchen at 5:27 PM.

Q: Did | drive today? A: Mo, | did not drive today. Explanation: | was at home all day.
Q: Did | do laundry today? A: No, | did not do laundry today. Explanation: | was putting clothes away in a closet and wardrobe and drawer in a clean room.

Cey Open-Ended Reasoning

Contextual Reasoning Q&A

Q: What was | doing outdoors? A: | was chopping woad in a yard. Explanation: | need wood to keep my fireplace going.

Q: Why was | chopping wood? A: | was chopping wood because | needed to get a fire going in the fireplace. Explanation: | was camping and it was getting cold.

Q: Why did | go to the front porch today? A: | went to the front porch today to receive a package. Explanation: | saw on the porch a package and knew that | was expecting it.

Q: Why were my wife and | in the living room this evening? A: My wife and | were in the living room this evening because we were watching netflix. Explanation: we have a television in
the living room and netflix is a service that we can watch on it.

Temporal Reasoning Q&A

Q: When did | last wash my hands? A: | last washed my hands at 3:38 PM. Explanation: | was washing dishes in a kitchen.

Q: How many times did | receive a package today? A: | received a package once today. Explanation: | was receiving a package at 03:24 PM.

Q: When did | last drink coffee? A: | last drank coffes at 10:17 AM. Explanation: | was making coffee in the kitchen.

Q: When did | last watch Netflix? A: | last watched Netflix at 7:32 PM on April 6, 2020. Explanation: | was watching Metflix in a living rcom.

Q: How many times did | use electronics today? A: | used electronics six times today. Explanation: | was working on a laptop in a clean room, checking time and watching netflix on a
television, and streaming netflix on a computer monitor.

Q: When did | take a shower? A: | took a shower at 4.35 PM. Explanation: | was showering and see the typical objects in a shower.

Q: How long did | watch TV today? A: | watched TV for about 5 hours today. Explanation: | was watching netflix on the television for about 3 hours and then | watched a woman drink v
in a living room for about 2 hours.

Subjective Q&A

Q: Was | happy today? A: | was generally happy today. Explanation: | was able to do some activities that | enjoy, such as watching netflix, working on my computer, and eating a sandwich.
Q: What was my favorite drink today? A: | drank wine in a living room with a woman. Explanation: | like to drink wine with friends.

from LMs are blue, VLMs green, ALMs purple, prompt text gray, user inputs magenta, VLM-chosen
LM outputs green-underlined blue, and ALM-chosen LM outputs purple-underlined blue.
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Socratic Models: KaK 3acTaBuTb pasHble OTAE/bl KMO3ra» Bo3moxHa nu
yHUgepcalJibHasi cXxeMa

paboratb Bmecte. OT GhatGPT K yaty UMN-areHTOB U dnsi acex 3aday?
- - . '|' - T /| ' A
Egocentric Perception: User + VLM + LM + ALM BHYTpM paboTa «COKPaTUYECKON MOAenu»
AeNcTBUTesibHO BbIrMAAUT Kak yat UN-areHTOB!
Socratic Question to Video Search Socratic Egocentric Image Summaries Socratic Video Q&A with Linguistic World-5State History
e o | e VLM where am l,.m @ Generated Linguistic World-State History from Video
my remote control? — ' 10:38 AM: Places: living room. Objects: sofa bed, loveseat, coffee table
(@) living room Activities: watching TV. | was watching TV in a living room
1 caarch gty g V 11:08 AM: Places: living room. Objects: remaote control, television, netflix
vi search entity @ @VLM what do | see? @ Activities: watching netflix. | was watching netflix on the television
12:19 PM: Places: television room. Objects: television, remote contro
=\ VLW netflix, Activities: watching netflix. | was watching netflix on a television
=/ I T @ remote control, television, netflix
@ matches for remote control 21 M & @vL M what arm | do I'r-'}. @
10:38 AM 11:08 AM 12:19 PM ) . - o @ where did | leave my remaote control?

@ watching netflix, sitting on the couch e

(.:} | left my remate control in the living room.
= : . ]
{g_JJ watching netflix

|_'_| M summary? @ || W :"'-;|'f|-'| n @

; | was watching TV in the living room
@ | am watching netflix on the television. (“’) and | needed it to change the channel.

from LMs are blue, VLMs green, ALMs purple, prompt text gray, user inputs magenta, VLM-chosen
LM outputs green-underlined blue, and ALM-chosen LM outputs purple-underlined blue.
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O606uieHMne: cCOKpaTUUECcKana cxema YHUBEpPCaZIbHOro MHTENNIEKTa

CokpaTtunyeckumn
UHTerJeKTyarnbHbIN
areHT (C-areHT, CA) BbIXOAbl
A-Bxo[n

A3bikoBas

A-BbIX0[,

VHTennekTyanbHbIV

(LM)
ﬁ

UHdopmMaLMOHHO-CMMBObLHasA

(a3bIkOBas) cpena

A-BO30EeNCTBUSA BXOAbl A-0encTBusA

>.

Paboma u oby4yeHue 8 513bIKogoU (CUMB0sIbHOU,

KyribmypHoU, coyuasibHou) cpede

O6o06weHue, akctpanonsauua: KO.Busunbrep, 2023

domanyeckne oencTems

action

Paboma u
oby4yeHue 8
u3U4ECKOM MUpE

ewara 2ICAP

—

T

donanyeckmne Bo3aencTems

C-areHT XXuBeT oAHOBPEMEHHO B ABYX pearibHOCTAX -
du3nyeckon u A3bLIKOBOU (CUMBOSILHOMN, KYNLTYPHOW)
U BblyuMBaeT 2 Tuna noBeaeHus - pusnyeckoe u
A3bIKOBOE, KOTOpbIe BMEeCTe NOMOrarT eMy ObITb
3achheKTUBHbIM OAHOBPEMEHHO B 06eunx cpepax



O606uieHMne: cCOKpaTUUECcKana cxema YHUBEpPCaZIbHOro MHTENNIEKTa
YpoBHu CA

Pix2Seq: object
detection SA

B Ynin=9 Xmin=7 Ymax=67 Xmax=98 train ......

1. PyHKUMOHaNbHbLIU (cnabbin) CA

<~

2 CAE

Jlrobou anzopumm aHarusa
OaHHbIX Uru yrpaerieHus,
pabomarowul ¢
KOHKPpemHbIMU murnamu
OaHHbIX U pewlarouwuu
KOHKpemHble 3ada4u,

rnpu 3mom ob6EpHymbIU
S13bIKO8bIM 88000M-8b18000M

Pix25eq

Ymin=8 Xmin=4 Ymax=99 Xmax=97 motocycle ......

Cmd:
detect objects

Y

InstructPix2Pix:
image editing SA

O6o06weHue, akctpanonsauua: KO.Busunbrep, 2023



YpoBHu CA

1. PyHKUMOHaNbHbLIU (cnabbin) CA
2. YHuBepcanbHasa («CunbHas»)

UHdopmaunMOHHO-CUMMBOSIbHaA

(Aa3bIkOBas) cpena

3roueHTpuYecKasa coKpaTuyeckas
moaenb (C-moaensb, CM)

i~
“CM>

ODPDEKTOPDI

iiddid

Cokpamu4eckasi MOOeJsib 3mo

of

KoJsinekmue crnabbix c-a2eHmos,

C8513aHHbIX C HEKOMOPbIM
¢husuyeckum o6BLEKMOM usu

mexHu4eckol cucmemoul U eQUHoU MMEeHHO TaK MOryT ObITb
s1eHMou yrnopsi0o4eHHbIX ycTpoeHbl 6opToBbie UU
cobbimull «JIu4HOU» nepcnekTuBHbIX JIA n PTK

32ouyeHmpu4ecKkou ucmopuu
(+ 320-azceHm!)

O6o06weHue, akctpanonsauua: KO.Busunbrep, 2023




YpoBHu CA

1. PyHKUMOHaNbHbLIU (cnabbin) CA

2. YHuBepcarnbHas («cunbHas»)
3roueHTpUYeCcKasa cCoKpaTuyeckas
moaenb (C-moaensb, CM)

3. Uepapxunyeckan («cunbHas»)
3roueHTpMUYecKasa coKpaTmyeckas
moaenb (UC-mopens, UCM).
JTro6oe uncno ypoBHeu nepapxum

UCM smo Konnekmue cusibHbIX
C-moO0ernel, cessi3aHHbIX C
HEKOMmMopbIM 2PYnoebIM
¢husuyeckum o6LeKkmom usnu
mexHu4yecKkou cucmemou u
eduHol sieHmou
yrnopsioo4eHHbIXx cobbimul
«2pynnoeol» 320- ucmopuu

(+ epynnoeou 320-azeHm!)

UHpopmaLMoHHO-cMMBOSbHasA

(a3bIkOBas) cpepa

Uepapxunyeckan («cunbHaa») aroueHTpuyecKas :
COKpaTunyeckasa mogenb '
Mpn 6onbLUOM YnCne ypOBHEN Uepapxum MO)KeT|
BO3HUKHYTb U ypoBHA GPT-4 npn meHbwunx BP !

A3blIKOBASA JIEHTA 3TO-UCTOPUUN T-OBBEKTA




O606uieHMne: cCOKpaTUUECcKana cxema YHUBEpPCaZIbHOro MHTENNIEKTa

YpoBHu CA

1. PyHKUMOHaNbHbIN (cnabbin) CA

2. YHnBepcanbHasa («CunbHas»)
3roueHTpUYeCcKasa cCoKpaTuyeckas
moaenb (C-mopenn, CM)

3. Cokpatnyeckasa naytuHa (CI)

——

SClle

Cokpamu4eckasi naymuHa 3mo
Kornekmue g3aumodelicmesyrouux
nymem obmeHa uHgopmauyueu
cunbHbix C-Moderned...

CM

CM

[Mockonbky CM B3anmogencTByoT NyTEM obMeHa COObLLEHUAMN, TO
konnektmebl CM Moryt oOpasoBblBaTb CeETEBbIE CTPYKTYpPbl W
paspactaTbCa B HEOrpaHWYEHHbIE CETEBbIE COOOLLECTBA, rae Takxke
MoXeT BO3HUKHYTb WU Bbiwe ypoBHA GPT-4 npu meHbLunx BP.

BO3MOXHO, YTO UMEHHO TaKasli apXuUTeKTypa yHuBepcanbHoro U
oyaeT onpepensoLwen Ha Gnvxanwme roabl.

O6o06weHue, akctpanonsauua: KO.Busunbrep, 2023



O606uieHune: coOKpaTUYecKana cxema rmOpmnaHOro UHTENIEKTa

YpoBHu CA

1. PyHKUMOHaNbHbIN (cnabbin) CA

2. YHnBepcanbHasa («CunbHas»)
3roueHTpUYeCcKasa cCoKpaTuyeckas
moaenb (C-mopenn, CM)

3. Cokpatnyeckasa naytuHa (CI)

——

SClle

Cokpamu4eckasi naymuHa 3mo
Kornekmue g3aumodelicmesyrouux
nymem obmeHa uHgopmauyueu
cunbHbix C-Moderned...

..U JIrodell, Komopbie moxe
eroJiHe cebe sissisiromcs
C-azeHmamu

A3bikoBas
cpepa c U
KaK ycunurenb

YeJsioBe4eCKOro nHTternrsreKkrta

CIll Bo3HMKaeT yxe cen4yac (B WHTEPHETE NoOnHO 60TOB, a nau
nuwyT aunrombl npu nomowm ChatGPT). 3To He NPoCTO BO3MOXXHOE,
HO BMOSIHE BEPOATHOE W Aaxe NodYTu HemsbexHoe Oyayuiee - no
KpanHen mepe, Ha Kakomn-To rnepmoa.

B0O3MOXHO, MMEHHO TaKasi apXuTeKTypa rmuOpuaHoro 4esioBeKo-
MaLIMHHOro MHTenneKTa oyaetr Hambornee BocTpeboBaHa

O6o06weHue, akctpanonsauua: KO.Busunbrep, 2023



bonblwoe o6veaguHeHuUue
B obnactu U

JaneKo nu 0o 3as8epweHuUa «pesoaoyuu e UN»?
Yem oHa 3a8epwumcsa?



HabntiopeHue: 6onblioe o6vbeguHeHue yxKe Havyanocb (DL)

Deep Learning (rnybokoe oby4yeHue)

CV NLP RL GM

2011 CNN

Deep RL
GAN

Transformer

Diffusion models
Multi-modal Multi-modal

Multi-modal
2023 YHuBepcanbHblie Moaenu
39MOo cusibHbIU ap2yMeHm @ MnoJsib3y mo20, 4mo MOXXHO LLM yxe 06yyeHbl Ha 60Mbweil yacmu
oXXxudamb 3aMeOosieHuUs1 unu 3aeepwemvm mekyuw,e20 amana UHEPOPMAYUL, HAKOMACHHOL Ye5108e4ECMEoM
«pesosiroyuu 8 UN», cessizaHHO20 ¢ HeupocemsiMu

O6o06weHue, akctpanonsauua: KO.Busunbrep, 2023



MporHo3: 6onblioe 06veagnHeHUe B 6anxKavuwume rogbl (UA)

NUcKycCTBEHHbIN UHTENJEKT

UAN-2 (MmauMHHOE Oby4eHue)
DL ML

CNN y
[epeBbs pelleHnn

Deep RL Eai

GAN anecoBCKMe peLleHud

Transformer Jlornctnueckas perpeccus

. . OVYHKUMM nOoTeHUnanos
Diffusion models yHK 4

Multi-modal AHcambnun

2023 YHuBepcarnbHble
rmyookune moaenw

2023 YHuBepcanbHble moaenu, PE

UnN-1

dopmarnbHble CUCTEMBI

CumBoOJSibHOE
nporpaMmmMmmpoBaHme

Jlornyeckoe
nporpaMmmMmupoBaHmne

basbl 3HaHWUK
OKCNEPTHLIE CUCTEMBI

OHTONOrMN
CemaHTnyeckume cetu

Noruka
AHanus
Yucna

2025 YHuBepcanbHbIU rTMOPUAHbLIA UCKYCCTBEHHbIN UHTENNEKT

O6o06weHue, akctpanonsauua: KO.Busunbrep, 2023

U ana ynpaBneHus:

 Open-world
(paboTa B HOBbIX
MecTax U cuTyauusix)
Open-task
(C HOBbIMU 3aa4amu)

« Open-Ended
Learning
(KOrHUTUBHOE
noseneHne, yMeHue
YUNTHLCA)

* Retrieval-based
(cnocoBbHoCTb
aKTMBHO 000ObIBaTb
NHopmMaLmio 13
pPasnnYHbIX
NCTOYHUKOB)

 Transparent
(Mpo3pavyHOCTb)

« Explainable
(06BACHUMOCTD)



MporHo3: 6onblioe 06beguHeHne B 6amxKaimwme roabl (MU+EU = N?)

UCKyCCTBEHHbLIN UHTENNEKT EcTecTBeHHbIN
NUHT KT
UAN-2 (MmauMHHOE Oby4eHue) Un-1 enne
dopmarnbHble CUCTEMBI
DL ML CumBoOnbHOE
CNN . nporpamMmmMmpoBaHune
Deep RL [epeBbs pelleHnn Mornyeckoe
BaiiecoBckue peLueHus] nporpammposaxine
GAN Ba3bl 3HaHUN
Transformer Jlornctnueckas perpeccus SKCnepTHbIE CUCTEMb!
PyHKUMKN NOoTEHUMANoB OHTONnornn

Diffusion models

CemaHTnyeckume cetu

Multi-modal AHcambnun

2023 YHuBepcarnbHble
rny6okue mogenu s

Yucna

2023 YHuBepcanbHble mogenu, PE Mbsesursc

2025 YHuBepcanbHbIU TMOPUAHBIU UCKYCCTBEHHbLIU UHTESNEKT

2030 YHuBepcanbHbIX TMOPUAHbLIA YeNOBEeKO-MalUMHHbIU UHTENNEeKT

O6o06weHue, akctpanonsauua: KO.Busunbrep, 2023



NMPUMEHEHUWUE COBPEMEHHDbIX
TEXHONMOIMMMU UCKYCCTBEHHOIO
UWHTEJIJTIEKTA B ABUALIMOHHbBbIX
CUCTEMAX U KOMIMJNEKCAX

HanpaenexHua pabom locHUNAC



YHudunumposaHHaa nnatpopma HerMpoceTeBon pa3pabotku «Mnarpopma-rHC» (2020)

WUHTerpupoBaHHasa cpeaa ot [NpnKnagHblie nakeTbl CpeactBa

W
- Monb3oBaTeNbCKME peLleHuS PlatformAPI

S~ L11a APM PaspaboTtumKka
WOODIVIMDUDd y

[OTOBbIE TUMOBbLIE peLleHuns BCTPanBaHUA
asmetyuk (B) 5
= Il e O MHTerpnpoBaHHble peLleHuns peweHnn

n obyuyeHmne FrHC

peanusauyua rHC

APM AgmuHuctpatopa

CpeactBa annapaTHoOM BubnnoTteka MallMHHOTO
peanunsauum obyyeHuna (bpenmBopK)
PlatLib

YHuduumposaHHasa naatpopma

epTtupuumnpyembin Ha R4 B UCXOO4HDbIN KOA,

M3Kue TpeboBaHUA K KBaanpukauum U1F

l ¢ PyTorch
€35BUC

B locHUMUAC co3paH 1 pa3BMBaeTcA NO/IHbII OTeYeCTBEHHbIW NPOrpaMMmMHO-annapaTHbIX CTEK TexHonorum ana UA




MpoekT «ABTOMaT-THC» (2021-2023): HOBble PYyHKUMK 1 moaynm Mnatdopmbi-THC

CMNO «CurHan-rHC» - Habop TMNOBbIX
peweHnn ana obpaboTkm ogHOMEPHbIX U
MHOTFOMEPHbIX CUTHA/I0B C LE/bto
pelweHmna 3aa4 KnaccnduKaumu,
perpeccuu, yCTpaHeHUA LWYMOB.

CNO «ABTo-THC» — 310 Habop NporpaMmHbIX MOAYNEN,
KOTOpPble NO3BO/IAKOT NO/1b30BATE/II0 B aBTOMATUYECKOM
pexunme chopmunpoBatb apxutektypy M'HC

(8 3apa4vax TP) n nogobpatb onTMManbHble
rmnepnapameTtpbl 0byyeHua 'HC.

raw waveform data (16 kHz) pool4 softmax

Iz window

(T=15)

(a) Raw feature extraction

(b) Processing on
feature-map

input convl convl

y
3Ix3
> 24000 SN
] —

maxpool 40
40 40 160

N

Architecture

Architecture

A Transfer

it Learner

Learner

» Updates

CNO «AyrmeHT-THC» — 3TO HAabop NporpamMMmMHbIX MOAYNEMN,
KOTOpble MCNOAb3YIOTCA B Npouecce obyyeHua ana
onpeaeneHua onTUMabHOM CTpaTerMm NPUMeHeHus
ayrmeHTauum (npeobpasoBaHmnit) K obyyatoLlen BbibopkKe.

CNO «CoseTHUK-THC» — 310 Habop NporpaMmHbIX MOAYNEN,
KOTOpble aHaANU3NPYIOT AENCTBMA NONb30BaTeNA, POPMUPYIOT
M BblAAlOT NO/Ib30BATENO CUTYAaTUBHbIE peKOMeHAauNn Ha
3Tanax NOAroTOBKU AaHHbIX, 0Oy4eHUA N TECTUPOBAHUA.

CMNO «CuHTes-FrHC» — 370 Habop NPOrpaMMmMHbIX MoAYNEN,
KOTOpble peannsyoT BO3SMOXHOCTb PeaMCcTU4YHOro
HEeMpOCTEBOro CMHTE3a N306paXKEHUN U CUTHAJIOB.

2023: Nnatpopma-fHC 2.0 «cABTOMAT»




Mnatdopma-rHC n PLAT: NMepcneKkTuebl pa3sutua (Jo0poXKHaA KapTa)

2022

2023

Bepcua 2.0
«ABTOMAT»

Bonbwwue n
yHMBEpPCa/ibHbIE
Mmoaenu

LoKkymeHmauyus,
npeseHmayuu,
sudeomamepuarsi

[m] o [m]

JlocTynHa

ANA TeCTUPOBaHUA
| v ucnonb3osaHus
| coKktabpa 2023

2023: Nnardpopma-HC 2.0 «ABTomaT»

2024



Mnatdopma-THC u PLAT: NMepcneKkTtusbl passutua (yposHu UN)

CT3, ML nu UM pna 1A, B/1A, PTK... YposHu U Passutue MNnatpopmbi-rHC

BbicOKuMit ypoBeHb (YHuBepcanbHbiii UA)

[TonHas aemomamuzayus BbIMO/IHEHME KOMMJIEKCHbIX 3a4a4 Noucka, cbopa, 0bpaboTKu

NMnatpopma-2024-26

(3ameHa Yenoseka W aHaNM3a Pa3HOPOAHbIX AAaHHbIX, YIPABAEHMUA CNOXHbIMM (nnanmnpyemoe
a8MOHOMHbIM U, obbeKkTamm u cuctemamm, B3amnmMoaencTBus C Nt04bMMU, pa3suTtue
cosemesl Unu yrpassaeHue) 06bACHEHUA N aHaNAn3a cOOCTBEHHbIX AEeNCTBUN Mnatdopmbi)

CT13, yacmu4Hasa
aemomamu3ayua PTK
(8binosnHeHUe omoesnbHbIX
yHKUUU, Komopble paHee
8bIM0HAMUCLG MOSbKO
Yyesn08eKom)

CpepHunit ypoBeHb (PyHKUMOHanbHbIN UN)
PaboTa c AaHHbIMW, CEMAHTUYECKMMM CYLLLHOCTAMM
N CUMBOJIbHbIMW NPeACTaBAEHNAMMU

Nnatpopma-2023

(Bepcua 2.0)

Co30aHue bosnee
3hheKmuBHbIX
adanmueHbIx aepe2amos

Hu3skum yposeHb (Obyyaemblie malinHbI U arperaTbil)
PaboTa c AaHHbIMM U/UAK yipaBaAEHME C UCMO/Ib30BaHUEM
MaLLMHHOro obyyeHuns, Ho 6e3 nepexoaa Ha
CEMaHTMYECKNIM/CUMBONbHbBIN YPOBEHb




inatthopma-THC Kak fosepeHHan oTeuecTBeHHan nnarthopma UK -

thyHAaAMEHT UHCTPYMEHTapua And BHeanenna HABBCTA

Obuwana apxmTeKTypa cuctembl BHegpeHua MU 8 BC TA

f baHK AaHHbIX \

MNnatpopma cbopa, xpaHeHUA U
noucka 601blIKNX AAHHbIX, BK/HOYan
MOAYNM NOAKNIOYEHUS AAaTYMKOB U

f BaHK pyHKUUA \

Mopgynu 06paboTku u aHanusa
AaHHbIX (MOAyAM ynpaBaeHus,
60pTOBbLIE CUCTEMbI, ANTOPUTMbI U

YCTPOVICTB' NOUCK, B T.4. NO CXO,D,CTBy

kqﬁ & ((c p

flﬂmennexwanbuble aremu\

MHTennekTyanbHble areHTbl aHannsa

[AaHHbIX, MOHUTOPWUHTA, BbIPABOTKM
pekomeHaaumii u komanpg, (FTHC)

npasuia KOHTPOA, 6e3onacHOCTH.. )

Ekatal s

J
/ Moaynu obyyeHus N

Mopgynu obyueHus UM areHToB
ANA pa3NUYHbIX 60PTOBbIX
MHTEeNNEeKTYaNnbHbIX QYHKLUUIA
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(Tunosble pewexna Nnhatdopmbl-MHC)
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NANATOOPMA-THC

bopTtosbie cuctembl U 8 BC TA
CHECKLIST

3EMHOW PE/IbED

=f Alm.-a 1
i
I[l_uur-




bopTOBbIC (NYHKUMW U MHTENNEKTYaNbHbIe NOMOLHHEM

ObyyeHue anemeHmos UI:
C yyumesieM HA npumepax
peasnbHbIX U MOOenbHbIX
CeHCOPHbIX OAHHbIX
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O6yyeHue UII:

C yyumesnem Ha npumepax

delicmeuli nrodel,

cobpaHHbIX 8 MpeHaXeépax

} O6yyeHue WUIl:

C NoOKpernsaeHuUem Ha
supmyanbHbIX moodensax BC u
cucmemeol ynpasneHus

D g S D S S S DI | K s g

|

|

| PYyHKUMA = EI:I“F—;—‘l: BUpTyanbHble [~==— -

R L=5==1 nomowHukn L=+
S e T [ [

' |

—_Eeemr e e s = > — ] - L ===

|
|
|
I |
: PyHKUMA :
| HabnoaeHuA |

—_—_ —

O6opyaosaHue BC
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Ucnonb3zoeaHue LLM

8 Kayecmee nAaHUpPoBWUKa U
6a3bl 3HaHUli (aBuayUOHHbIE
npaesuna, pe2aameHmeoi,..)

& rocHMAC =

FOCYQAPCTEEHHEEN HAYSIHO-ACCNEADSATEMGCKIARN MHETIATYT ABMALMOHHEX CACTERM

Cnalid: B.B. KocbaHuyyk, M.A. /lenuKkoe



HHTennexTyanbHoe MHihopMaLvoHHo-yNpasndiolLee none

CHECKLIST BO34YLIHAA OGCTAHOBKA  3EMHOW PE/IbE® MOCALKA PYJIEHUE CUTHANTN3ALMNA

a@ eormuEDO

POBAA MOLENb BI

—
T &
TR ] . / R
= Sy
- i &) -
- W LN
|

\

KOHCTPYKUWNA MVYJIbTUMOAA/IbHOE YIMPABJIEHUE LMDPPOBAA MOLE/Tb KABUHDbI
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G2 rocHMAC m

rocyQAaPCTEBEHHB HAY-IHD-MCCNEODSATENGCKIA FHCTIATY T ABMALIMOHHEDE CICTEM Cﬂaﬁa: B. B. KOCbﬂquK’ M.A. ﬂeﬂukoe




JleMOHCTRALMA NOTURN PA0OTLI BUPTYANbHLIX NOMOLHHKOB

Pos: IMU Bera . Oumbxa
X (m): -2235.00 -2254.10 19.10
Y (m): 127.84 136.29 -8.45
Z (M): —-2.45 -1.96 -0.49
Yaw: -0.61 -0.63
Pitch: 0.60 0.41
Roll: -0.20 -0.02

CeHcopHasa nHpopmauma CT3: TB kKaHan ABTOMaTM4eCcKaAa nocagka no gaHHbim CT3

T = T € Ty e Zz

Ilocanka 220, »Oo =OHE NOpPWU3eMJIEHUSA.
Kom mp BC 7200507

BKJIOYEH PeXMM YJIYYNeHHOTO BMISHMSA.
Komaummump BC 17:
| PeBepC BKJIOYEH.
Komaumoup BC ]

KoopramHaTel BIIIl NoJIy4YeHEl.

| Komanmup :10:14
] I
]vPeBepc BHEIKJIOYUTE .

Cuctema ynyyweHHoro smaeHmna TB kaHana ‘ MHTennekTyanbHbit 60pT Kak «yat» UN-areHTOB

G2 rocHMAC m

ro PCTEEHHBL HAYY-IHO-MCCNEADSATENGCKIAA MHCTIATYT ABMALIMOHHED




HHTenneKTyanbHbIe TEXHONOIUU And aBUaLUOHHbIX CUCTEM
YNyullieHHOro, CAHTe3UNOBAHHOIO U KOMOMHWPOBAHHOIO BUAEGHUA

Co3zpgaH npototun CYB Ha 6a3e nnatpopmbl UMA Passutue MO CYB Ha ocHOBe HelpoceTeBbIX NOAXOA0B

OMNTUKO-3/IEKTPOHHbIA B/1I0K CYB U BbIYUC/TUTE/IbHbINA KOMI/IEKCUPOBAHME U30EPAMKEHN
MOAY/1b N3 COCTABA 1/IAT®OPMbl NMA — .

sl | Wl -

CEMAHTUYECKAA CETMEHTALUNA CLEHbI

AnemeHTbl U: CNN 1 GAN gna KOMNNEKCUPOBAHUA U
cermeHTaumumn n3obparkeHui, a TakKe OPUrMHajbHble
MEeTOAMKU MALLMHHOIO 06y4yeHus, yYNTbIBAOLLNE OLLEHKY
KayecTBa M306pa*KeHMn TUNOBbLIX CLUEH IKCNepTaMu-
nUAOTamm.




Ponb ¥ (HYHKELMK CUCTEMbI BHELIHero BuaeHuna (CT3)

B 00111611 CXeMe MHTeNNeKTyanu3auuy nepcnexTUBHoro Gopra BC

Hasurauyus CT3 =

AaTunKu + Heuposbluncantenb

Hosble cBOMCTBA:

* OnpepeneHne OTHOCUTENbHOTO U abcontoTHOro nonoxeHusa BC YnpasneHue
(onTMKO-HaBUraLMOHHbBIN KOHTYP KOPpPEeKL 1K)
* OnpepeneHune 0TKasa HaBUraLMOHHOTO KOMMOHEHTA Ha NocaZKe Hosble cBolicTBa:

+ ABTOMAaTMueCKas NocafKa, yXo4 Ha BTOPOii Kpyr 1 BbIXOA,
,\ B 30HY OXXMAAHUA
/ * ABTOMATUYECKUM npober WHTennektyanbHble
- ABTOMaTuueckoe pyneHue, | PYHKUMMCTS
MHTENNIEKTYaNbHbII KPYM3-KOHTPOb

3a cyeT PYHKUMNOHANbHOM U3BbITOYHOCTH

HabnawaeHue - kit e
* B3s1€T, NnpepBaHHbIN B3NIET
Hosble cBoilicTBa: UHTennektyanbHble * PemapupyTtmsayma B CNOXKHbIE METEOYC/I0BMAX NPU OTKa3ax
LI U2 cuctem BC

* Pacno3HasaHue s3nemeHTtoB BINMN v PA

* Pacno3HaBaHue cMMBO/IbHbIX 31emeHTOB BIIM

* Pacno3HaBaHue pa3meTtKku BN v P4

* Ob6Hapy)XeHue U pacno3HaBaHUe npenarcTBuidi Ha BMNMN n P4
* Knaccudpukauyusa BC

° Pacqu yp‘aHEHMﬂ AO Bc b ABTOM&TW—IGCKMM BO3BpaT Ha aapOApOM I'Iocap,KVI
* OnpepeneHne KOHPANKTHOM CUTyaL MM N

* [lporHo3 napameTpoB noseta Ha 6a3e TexHonorni N c yuetom
Tekywero coctoAaHua BC

* ONTMMM3auMa NapamMeTpoB NoJieTa C y4eTom PpakToOpoB
BHeLHeN 06CTaHOBKM

* Mpunoputnsauma KOHPANKTHOM CUTYyaL UK

Cnaiio: B.B. KocbaH4yK, 10.B. Busunomep



Texuonorvu FrocHMMAC B oOnacTu cUCTEM aBTOMATUUECKOIO BOEACHUA

Kak HT3 Ana cucrembl aBTomaTuueckoro pynexuna BC (onbiT PTI Maprepl

Ilona 3penus oamuukos cencopnoiui cucmemot PTIT

¢ [TocTpoenune TPEXMEPHOW MOJIENIM MECTHOCTH * [Touck 1 pacrio3HaBaHue MPENITCTBUI * CeMaHTHYECKast CErMEHTAIMS CIIEHBI

* Murerpauus B 0611y0 HHPOPMALHOHHYIO * [TocTpoeHue KapThl IPOXOJUMOCTH
MOJIIIb

Moobunvnas navopamopus l'ocHUHAC
0J11 OMPAGOMKU PEHCUMOE ABMOMAMUYECKO20 PYIEHUA

Hpumep pa60Mbl anzopummoe CEMAHMUYUECKOIL ceemenmauuu



ROMNNEKC aHanv3a TeKCTOB Ha eCTECTBEHHOM A3blke ANnd coO3AaHna

N0 aBTOMaTU3UNOBAHHOM OLIGHKM TPEeGoBaAHUM

O6bem 6opToBoro MO coBpemeHHbIX BC cocTaBnseT Ha
CEroAHAWHNN AeHb AeCATKU MUIIJIMOHOB CTPOK MCXOAHOrO
KOoA4a M UMeeT TEHAEHLUMIO K AaibHENLLEeMY POCTY. 88 355£5: . A EVZES

Pa3paboTka BC, ero cuctem n 6optosoro 10
pernameHTUpyeTCca oTpacaeBbiMU CTaHAAPTAMU U
pykosoactBamu P4754A, P4761, KT-178C, KT-254 un pp.

n TpebyeT NpuBIeYEHUS PYKOBOAMUTENIEN NPOEKTOB U rpynn
pa3paboTuMKOB, ayamMTOpPOB, BEPUPUNKATOPOB U

NHkeHepua TpeboBaHUM C
TEXHUYECKOro nepcoHana.

noaAaep*KKom obpaboTkm

PaHee B TocHUMNAC 6bin pa3paboTaH npoToTun . ecrectBeHHOro fA3bika (NLP4RE)
ABTOMaTU3MPOBAHHOU MHPOPMALMOHHOM cpeabl YNpaBAeHUA ‘ '
YKU3HEHHbIM LUKNOM aBUaLUMOHHOM TexHuKu (AUC YXKL). YnpasneHue
B HacToswee Bpema ana AUC YKL, paspabaTtbiBatoTca moaynu,
peannsylolmne cpeacTsa aHaausa TpebosaHmii Ha ocHoBe
MHTENNEKTYaNbHbIX a/IMOPUTMOB aHa/IN3a eCTeCTBEHHOTO A3blKa,
0by4yeHmne KOTOpbIX ByaeT peasn3oBaHO C UCNONb30BAHMEM
oTeyecTBeHHOM NAaTPopmbl MALLMHHOIO 06yueHun.

Bannpgaumna H
Bepudukaymna

X«

Cnaiio: H.U. Cenbeecrok, KO.B. Busunbmep



OT chaboro A K obLiemy yHMBepcasibHOMY MHTENNEKTY
(0630p TeHaeHuunin 2020-2023)

Busunbrep Opuu BaneHtuHoBuY, a4.¢.-Mm.H., npod. PAH, anpekTop
NO HanNpaBAEHUID — PYKOBOAUTE/Ib HAYYHOro KoMmnaeKkca « MICKyCCTBEHHbIN
NHTENNIEKT N TexHnuyecKoe 3peHne» GAY «flocHUUAC», viz@gosniias.ru

Cnacubo 3a aHumaHue!

HayuyHo-uccnepoBaTenbCKUii ceMUHap
PAUUN n ®UL NY PAH
«Mpobnembl UCKYCCTBEHHOTO UHTEN/IEKTa»

Mocksa, PUL, NUY PAH, 31.01.2024




